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SUMMARY
Sustainable management of river networks is an important topic in hydrology today. Rivers
and streams are a signicant source of drinking water, as well as energy production and other
human valued services. Spatial and temporal patterns of ow regimes have a signicant impact
on ecological and anthropogenic uses of fresh water within entire river basins. Developing tools
for management of streamows hinges on a deep understanding of the hydrologic form and
function at the basin scale, and the interplay between the key driving processes. This study is
centered on providing a process-based description of ow regimes and their spatial variability,
with the purpose of developing tools for catchment-scale management of streamows and studying
ecologically relevant processes. Simple methods that allow a spatially explicit characterization of
ow regimes with limited data and calibration requirements are extremely valuable for ecient
management of water resources in data scars regions.
In order to meet these research goals, a modeling method was developed in this thesis for
the prediction of streamow regimes, based solely on catchment-scale climatic and morphologi-
cal features. The method was tested in eleven test catchment distributed evenly in the United
States, east of the rocky mountains. Considering the minimal data requirements (rainfall, po-
tential evapotranspiration and digital elevation maps), the method was capable of capturing the
patterns of observed streamows reasonably well in all cases. This method was then expanded
and applied point-wise along the river network of a test basin in north eastern Switzerland.
A custom geo-database and a Web GIS platform were created for the management of data and
model application. Predicted values of relevant ow statistics were validated at six subcatchment
outlets, where discharge data was available, with satisfactory results. Strong seasonal signature
of rainfall was identied as the dominant driving force of ow regimes. The seasonal variability
of the streamows showed a complex pattern, inuenced by climatic gradients and by the in-
creasing variability of hydrologic response observed at larger scales. The modeling method and
data management framework presented here oer a novel and robust approach for assessing the
spatial patterns of streamows based on limited information.
The spatial and temporal variability of river ows bear important inuence on ecological
processes at the reach and basin scales. In this thesis, the eect of streamow dynamics on
riparian vegetation growth was studied using a lumped stochastic framework which explicitly
incorporates the randomness of exposure and submersion periods implied by the streamow
variability, and links such a randomness to climatic and landscape properties. The framework
was applied to the terminal reach of two catchments characterized by contrasting ow regimes.
The results illustrated the role of vegetation specic traits and water availability as limiting
factors, and ow regime variability as the driver for patterns of riparian vegetation biomass
along the river reach.

ZUSAMMENFASSUNG
Der nachhaltigen Bewirtschaftung von Flusssystemen kommt eine wichtige Rolle zu, da Flusse
und Bache einen signikanten Anteil der Trinkwasserversorgung und der Energieproduktion aus-
machen. Hierbei kommt dem raumlichen und zeitlichen Muster von Abussregimen eine beson-
dere Bedeutung zu, da hiervon sowohl okologische als auch anthropogene Nutzungen innerhalb
eines Einzugsgebietes direkt abhangen. Die Entwicklung von Werkzeugen, die ein nachhaltiges
Bewirtschaften von Flussen und Bachen unterstutzen, hangt dabei stark von einem umfassenden
Verstandnis der hydrologischen Zusammenhange auf Einzugsgebietsskala ab. Die vorliegende
Arbeit liefert eine prozessbasierte Beschreibung von Abussregimen und deren raumliche Vari-
abilitat, mit dem Ziel, Werkzeuge bereitzustellen, die eine Bewirtschaftung von Flusssystemen auf
Einzugsgebietsskala ermoglichen. Fur Bereiche, in denen nur bedingt Daten vorhanden sind, sind
einfach anwendbare Methoden bei gleichzeitig geringen Anforderungen an die Modellkalibration
von grosster Bedeutung fur ein ezientes Wasserressourcenmanagement.
Um die oben genannten Forschungsziele zu erreichen, wurde innerhalb der vorliegenden Ar-
beit eine Modelliermethode entwickelt, um Abussregime zu charakterisieren, wobei als Ein-
gangsdaten fur die Modellierung lediglich klimatische und morphologische Eigenschaften des
Einzugsgebietes einiessen. Die entwickelte Methode wurde in 11 Einzugsgebieten in den USA
getestet. Trotz der geringen Anzahl an Eingangsdaten (d.h. Niederschlagshohe, potentielle
Evapotranspiration und digitale Gelandemodelle) gelang es in allen Fallen, die verschiedenen
Abussmuster zu beschreiben. Die Methode wurde im nachsten Schritt dahingehend erweitert,
dass Aussagen zum Abussverhalten fur diskrete denierte Punkte eines Flusssystems ermoglicht
werden. Die Anwendung der erweiterten Methode erfolgte fur ein Einzugsgebiet im Nordosten
der Schweiz. Hierfur wurde eine benutzerdenierte Geodatenbank und eine WebGIS-Plattform
aufgebaut und sowohl Eingangsdaten als auch die Modellierungsmethode implementiert. Die
dann prognostizierten Werte der Abusscharakteristik wurden fur 6 Teileinzugsgebietsauslasse,
an denen gemessene Abussdaten vorliegen, erfolgreich validiert. Der saisonal stark variierende
Niederschlag konnte als dominante Einussgrosse fur das Abussverhalten identiziert werden.
Weiterhin zeigte sich ein saisonal variables, komplexes Abussmuster, welches vornehmlich vom
klimatischen Gradienten beeinusst ist aber auch von der unterschiedlich starken hydrologis-
chen Reaktion, welche grossskalig beobachtet werden kann. Insgesamt stellt das innerhalb vor-
liegender Arbeit entwickelte Datenmanagement in Verbindung mit der implementierten Mod-
ellierungsmethode einen neuen und robusten Ansatz dar, um auf Grundlage von nur wenigen
Eingangsdaten raumliche Abussmuster fur diskrete Punkte eines Flusssystems zu erhalten.
Die raumliche und zeitliche Variabilitat von Abussen haben einen bedeutenden Einuss auf
okologische Prozesse, sowohl innerhalb einzelner Flussabschnitte als auch im gesamten Einzugs-
gebiet. In der vorliegenden Arbeit wurde deshalb auch der Eekt von Abussdynamiken auf
die ufernahe Vegetation und deren Wachstum mittels eines lumped stochastischen Ansatzes un-
tersucht. Hierbei wurde explizit darauf geachtet, dass die Zufalligkeit der (Licht-) Exposition
und der Uberschwemmungsphasen, beides eine Funktion des Abussregimes, Berucksichtigung
nden. Der gewahlte Ansatz wurde fur zwei Einzugsgebietsbereiche angewendet, welche sich
durch ihr unterschiedliches Abussverhalten unterscheiden. Als Ergebnis der Arbeit zeigte sich,
dass sowohl die Vegetation als auch die Wasserverfugbarkeit als limitierende Faktoren und die
Variabilitat des Abusses als treibende Faktoren fur die Gesamtbiomasse in Ufernahe genannt
werden konnen.
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RESUME
La gestion raisonne des reseaux de riviere est un sujet important en hydrologie de nos jours. Les
rivieres et les euves sont une source signicative d'eau potable, au temps bien qu'une source de
production energetique et service ecosystemique. Le motif spatial et temporel du regime hydrique
a un impact majeur sur l'utilisation par la nature et l'humain de l'eau douce a l'interieur d'un
bassin hydrique entier. Le developpement d'outils adresse a la gestion du ux hydrique depend
du cadre d'une comprehension approfondi de la forme et de la fonction hydrologique a l'echelle
d'un bassin, et l'interaction entre les processus fonctionnel cles. Cette etude est oriente an
de fournir une description base sur les processus du regime hydrique et sa variabilite spatial,
avec pour but de developpe un outils pour la gestion a l'echelle d'un bassin versant des ux
hydrique et l'etude des processus relevant ecologique. Les methodes simple qui permettent une
caracterisations spatial explicite du regime hydrique requerant un nombre limite de donnees et de
calibration sont extremement precieuse pour une gestion de la ressource en eau dans les regions
pauvre en donnees.
An de satisfaire ces buts de recherche, une technique de modelisation a ete developpe dans
cette thse pour la prediction du regime hydrique, base uniquement sur les caracteristiques cli-
matiques et morphologiques de la zone de captage. La methode a ete teste sur onze captages
test distribue uniformement au Etat Unis, a l'est des Montagne Rocheuses. Compte tenu des
exigences minimales de donnees (pluie, potentiel d'evapotranspiration et du modle numerique de
terrain), la methode a ete capable de reproduire le motif observe du ux hydrique de maniere
raisonnable dans tous les cas. Cette methode a ete ensuite transpose et applique point par
point le long d'un reseau hydrique d'un bassin test dans le nord-est de la Suisse. Une base de
donnee georeferencee et une plateforme internet SIG a ete creer pour la gestion des donnees et
l'application des modeles. Les valeurs predites par les ux statistique approprie ont ete valide
dans six exutoires d'un sous-bassin versant, ou les donnees d'ecoulement etaient disponible, avec
satisfaction. Une forte signature saisonnale des pluies a ete identie comme la principal force
motrice du regime hydrique. La variabilite saisonnale de ux hydrique presente un motif com-
plexe, inuence par le gradient climatique and par l'augmentation de la variabilite sur la reponse
hydrique observe a large echelle. La methode de modelisation et la structure de la gestion des
donnees presente ici ore une nouvelle et robuste approche pour l'evaluation des motifs spatial
d'un ux hydrique base sur une nombre limite d'information.
La variabilite spatiale et temporelle d'un ux de rivire supporte d'importante inuence des
processus ecologique au niveau des biefs et du bassin. Dans cette these, l'eet de la dynamique
de riviere sur la vegetation du long des rivieres a ete etudie par une approche stochastique
qui incorpore explicitement le hasard des proprietes climatiques et paysageres. La structure
a ete applique au bras nal de deux captages caracterise par des regimes hydriques dierents.
Les resultats illustrent le ro^le des traits speciques de la vegetation et la disponibilite en eau
comme facteur limitant, et de la variabilite du regime hydrique comme conducteur du motif de
la vegetation le long des biefs de riviere.

Keywords: Streamow Regime, Stochastic-analytic model, Physically-based model, Flow Du-
ration Curve, Spatial pattern, Catchment-scale, River Networks, Geo-database, Riparian vege-
tation
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1. INTRODUCTION
Large-scale management of water resources often involves various tasks such as ood protection,
providing sucient river base ow, guaranteeing access to quality drinking water under all envi-
ronmental conditions, providing adequate irrigation water, among others. These needs have to be
met while protecting river corridors, which play an important role in biodiversity, soil conserva-
tion, and water quality. At the same time, river systems are among environments most disturbed
by humans activity. Eective management of water resources in complex river networks is vital,
particularly in the context of changing climatic conditions and increasing anthropogenic demand.
Modeling methods for integrated water resources management, often rely on substantial data
about the quality and quantity of water. However, availability of reliable data diers strongly
among regions, and data scars regions often coincide with most vulnerable environments and
populations. Therefore, developing modeling methods with limited data requirement would be
very benecial for achieving better practices in areas where data acquisition and availability is a
limiting factor.
The variability of streamows is commonly portrayed by means of the ow duration curve
(FDC) and the probability density function (PDF) of streamows. These statistic descriptors
can either be directly obtained at gauged sections of the river, or estimated using empirical or
physically based models in areas where discharge time series are not available. Empirical models
use the concept of hydrologic similarity to infer the hydrological signature of an ungauged catch-
ment based on the observation of neighboring gauged catchments featuring similar characteristics
[Wagener and Wheater, 2006; Castellarin et al., 2007; Ganora et al., 2009]. Physically based
approaches, instead, consider runo formation by accounting for climatic forcing and catchments
echo-morphological characteristics [Beven and Kirkby, 1979; Botter et al., 2007a; Yokoo and
Sivapalan, 2011; Cheng et al., 2012; Booker and Woods, 2014]. Even though physically based
approaches can be challenging, they allow for an improved understanding of the processes that
control the water cycle by setting causal relationships among the drivers of the process.
In particular, Botter et al. [2007a, 2009] developed a stochastic analytic model, where the
temporal variability of discharge reects the randomness of the underlying rainfall and climatic
forcing and the heterogeneity of the hydrological processes by which the water is transferred
from hillslopes to the catchment outlet. In this model, the seasonal ow duration curve is
expressed as a function of four physically-based parameters that embed climatic (rainfall and
potential evapotranspiration) and geomorphological features (digital elevation models). Rainfall
time series are among the most commonly available data forms, and with advances in weather
radar estimates and satellite based measurements their coverage has become more ubiquitous.
Furthermore, advances in remote sensing technologies have provided easily accessible global maps
of potential evapotranspiration. These data in combination with water balance models (such
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as, but not limited to, Budyko, [1974]; Milly, [1994]; Porporato et al. [2004]; Sivapalan et al.
[2011]) can be used to estimate the catchment-scale water balance. The catchment response
has traditionally been estimated through analyzing ow recessions in observed discharge time
series. However, recent studies have proposed models for estimating the hydrologic response of
the catchment based on the geomorphic relationship between the river network structure and
recession properties of streamows [Harman et al., 2009a; Biswal and Marani 2014]. Given the
wide availability of high resolution digital elevation models (DEMs), estimating the hydrologic
response of the catchment through methods utilizing this relationship, can be very valuable in
poorly gauged areas.
Predicting the statistics of ow regime at the catchment outlet provides information regarding
the amount and variability of ows at-a-station. However, many hydrological and ecological pro-
cesses and dynamics along river networks are aected by the spatial variability of ow regimes.
The eects of ow regulation and hydrologic alterations (e.g. river restoration, creation of reten-
tion areas) vary with location within the catchment. Additionally, spatially explicit properties
of ow regime are important for assessment of ecological processes, particularly when habitat
suitability and the movement of species along the network is considered (e.g. Ziv et al., [2012];
Mcluney et al., [2014]; Bertuzzo et al., [2012]; Muneeperakul et al., [2007a]).
Despite recent advances in the characterization of ow regimes in spatially explicit settings
[e.g. Costa-Cabral et al., 2008; Rigon et al.,; Formetta et al.,; Schaei et al., 2014], the anal-
ysis and prediction of variability of ow duration curves along individual river networks still
represents an area where research is needed. The ability to estimate the ow regime point-wise
along the river network would allow for characterization of spatial variability of water resources
within complex river systems as well as the ability to evaluate catchment-scale impact of water
infrastructures.
The spatio-temporal variability of streamows is widely recognized as a major driver for
ecological processes occurring in riverine systems. Riparian zones are particularly important,
because they possess an unusually diverse array of species and plant communities [Naiman and
Decamps, 1997]. They also play an important role in many biogeochemical processes and con-
tribute to controlling erosion, sediment transport and habitat diversity [Naiman and Decamps,
1997; Nilsson and Svedmark, 2002; Muneepeerakul et al., 2007a,b]. Riparian zones can experi-
ence signicant changes due to ow regulation [Tealdi et al., 2011], since the natural dynamic
disturbances caused by ooding, are an important driver for biological productivity. In order to
maintain biodiversity and ecological integrity, riparian ecosystems are in need of protection and
restoration [ Nilsson and Svedmark, 2002].
Flow regimes drive river ecosystem dynamics both directly, by means of the natural variability
of streamows impact on life cycles of biological species (e.g. riparian vegetation) [Ward et al.,
2001; Bunn and Arthington, 2002], and indirectly, through modulating ecologically important
physical variables dependent on the ow magnitude (e.g., stream velocity and sediment trans-
port, connectivity between the river and oodplains) [Constantz, 1998; Smith et al., 2003; Stanley
et al., 1997]. At the reach-scale, river stage uctuations determine the pattern of exposure and
inundation for a given point. These uctuations are stochastic in nature since they mirror the
stochastic uctuation of the streamows, driven by climatic and landscape features of the con-
tributing catchment. Moreover, the morphological features of the river transect modulate the
dynamics of these pulses at each transect. Therefore, developing simple process-based modeling
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methods for exploring the dynamics of riparian systems explicitly as a function of the driving hy-
drologic regime, deserves attention. Such methods would help the understanding of how changes
in climate and landscape attributes will propagate to streamow regimes and in-stream ecological
processes.
Aims and objectives
The general objective of this Ph.D. thesis was to improve the understanding of ecohydrological
processes, by developing a catchment-scale modeling framework for comprehensibly describing
ow regimes and their spatial variability, using simple physically-based analytical models that
require minimal calibration and computational burden. A rm understanding of the processes
involved, and rigorous analytical characterization of them, formed the basis of this research.
Particular attention was devoted to applicability of the method in data scars regions. The
specic research objectives of this research are as follows:
 Developing and verifying a modeling method for estimating statistics of streamows based
on limited data.
 Establishing a modeling method for predicting catchment-scale spatial variability of ow
regimes.
 Creating a versatile and user friendly tool for data management and implementation of the
above models.
 Quantitative evaluation of the control exerted by the ow regime on ecological dynamics
in riverine system, in particular for the growth and decay of riparian vegetation.
Fulllment of these objectives were the necessary step in creating an easy to use process-based
method that can aid in large-scale management of water resources.
Thesis structure
The research goals stated above have been accomplished, and they are presented in this PhD
thesis as follows:
In chapter 2, a modeling method is presented which is capable of estimating streamow prob-
ability distributions solely based on catchment-scale information about climate and landscape.
A physically-based analytic model of streamow dynamics was combined with existing water
balance models and a geomorphological recession model. The method was applied to 11 test
catchments and results are discussed.
Chapter 3, describes the custom geo-database and Web GIS platform created for data manage-
ment and model application to estimate spatial patterns of ow regime. The method was applied
point-wise along the river network of a test basin, Thur river, in north eastern Switzerland.
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Model prediction for relevant ow statistics were validated at six subcatchment outlets. Emerg-
ing catchment-scale patterns of the relevant ow statistics and model parameters are discussed.
The scaling of recession parameters with respect to catchment area were also explored.
In chapter 4, the signature of catchment-scale hydro-climatic processes in the patterns of
vegetation biomass along a river transect were studied and modeled. The model was applied to
the terminal reach of two dierent catchments characterized by contrasting ow regimes. Patterns
of riparian vegetation under dierent ow regimes are described. The change of climatic features
and its impact on mean vegetation biomass along the transect were explored through analysis of
long-term observed rainfall patterns.
In chapter 5, the key ndings are summarized and overall conclusions are stated. Furthermore,
an outlook on potential direction and challenges for continuing and expanding this research is
presented.
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2. PREDICTING STREAMFLOW DISTRIBUTIONS AND FLOW DURATION
CURVES FROM LANDSCAPE AND CLIMATE
Doulatyari, B.12, A. Betterle123, S. Basso12, B. Biswal4, M. Schirmer12, G. Botter3 (2015),
Predicting streamow distributions and ow duration curves from landscape and climate, Adv.
Water. Res., 83, 285-298, doi:10.1016/j.advwatres.2015.06.013.
Abstract
Characterizing the probability distribution of streamows in catchments lacking in discharge
measurements represents an attractive prospect with consequences for practical and scientic
applications, in particular water resources management. In this paper, a physically-based an-
alytic model of streamow dynamics is combined with a set of water balance models and a
geomorphological recession ow model in order to estimate streamow probability distributions
based on catchment-scale climatic and morphologic features. The models used are described
and the novel parameterization approach is elaborated on. Starting from rainfall data, potential
evapotranspiration and digital terrain maps, the method proved capable of capturing the statis-
tics of observed streamows reasonably well in eleven test catchments distributed throughout
the United States, east of the rocky mountains. The method developed oers a unique approach
for estimating probability distribution of streamows where only climatic and geomorphologic
features are known.
2.1 Introduction
The probability distribution of streamows and the associated ow duration curve provide in-
formation on the availability of water resources in a catchment. This is important both for
anthropogenic exploitation of ows (e.g. industrial and civil uses or power generation) and
the maintenance of functioning ecological processes within the riverine environment [Postel and
Richter, 2003; Ziv et al., 2012; Hurford et al., 2014]. Streamow probability distributions sum-
marize main features of the ow regime, as well as ow dynamics related to dierent geomorpho-
logical and climatic settings. For this reason, they have long been a key tool for water resource
management [Vogel and Fennessey, 1995].
1 EAWAG Swiss Federal Institute of Aquatic Science and Technology, Department of Water Resources and
Drinking Water, Duebendorf, Switzerland.
2 University of Neucha^tel, The Centre of Hydrogeology and Geothermics (CHYN), Neucha^tel, Switzerland.
3 University of Padova, Department ICEA and International Center for Hydrology \Dino Tonini", Padua, Italy.
4 Indian Institute of Technology Hyderabad, Department of Civil Engineering, Hyderabad, India.
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The absence of dense discharge measurement networks makes the assessment of river ow avail-
ability challenging. Extensive literature exists on estimation of ow duration curves in sparsely
gauged and ungauged catchments [Merz and Bloschl, 2004; Bloschl et al., 2006; Castellarin et
al., 2004; Oudin et al, 2008; Castiglioni et al., 2010; Hrachowitz et al., 2013]. Both empirically-
based and physically-based approaches are suitable for this task. Among the former, statistical
models employ discharge time series observed at instrumented outlets of neighboring catchments
or within identied homogeneous regions to predict the ow regime of ungauged basins using the
concept of hydrologic similarity [Wagener and Wheater, 2006; Castellarin et al., 2007; Ganora
et al., 2009]. Physically-based approaches, instead, mimic the hydrologic response of the basin
to rainfall inputs by describing the underlying processes of soil moisture dynamics and rainfall-
runo transformation [Beven and Kirkby, 1979; Botter et al., 2007a; Yokoo and Sivapalan, 2011;
Cheng et al., 2012; Booker and Woods, 2014]. Such models have the advantage of setting causal
relationships among climate input, morphological features, and geopedologic attributes allow-
ing for an improved understanding of the physical processes that control the hydrologic cycle
[Wagener et al, 2007; Gupta et al., 2008; Hrachowitz et al., 2013].
Many studies have highlighted the relationship between channel network structure and hy-
drologic response of the catchment [Rinaldo, 1991; Rinaldo et al., 1995; Rodriguez-Iturbe et al.,
2009; Biswal and Marani, 2010; Mutzner et al., 2013; Gosey and Kirchner, 2014]. In particular,
geomorphological interpretations of recession dynamics have been proposed, which have been
used to infer geomorphic signatures of the hydrologic response [Harman et al., 2009a; Biswal and
Marani 2014]. Given the wide availability of high resolution Digital Elevation Models (DEM),
the link between geomorphological attributes of the landscape and ow properties is particularly
interesting for improving our ability to describe ow regimes in poorly gauged areas.
Landscape properties and catchment morphology have also been recognized as major deter-
minants of vegetation patterns, water use eciency and hydrologic partitioning [Troch et al.,
2009; Rodriguez-Iturbe et al., 2009; Voepel et al., 2011; Thompson et al., 2011a; Jaramillo and
Destouni, 2014]. The understanding of the major drivers of the water balance has a long history,
which is rooted in pioneering works by Thornwaite [1948], Longbein [1949] and Budyko [1974] who
rst demonstrated the dependence of hydrologic partitioning on climate features, as well as on
the competition between available soil water and available energy for vaporization. More recent
works have highlighted that the seasonality and stochasticity of rainfall, vegetation features, and
landscape properties are also important for attaining reliable predictions of water balance [Milly,
1994; Porporato et al., 2004; Donohue et al., 2007; Zhang et al., 2008]. Despite the inherent
diculty in incorporating the eects of soil, vegetation and climate heterogeneity into low di-
mensional catchment-scale formulations, our understanding of the spatio-temporal variability of
hydrologic partitioning between streamow and evapotranspiration has improved signicantly in
recent years [Sivapalan et al., 2001; Thompson et al., 2011b; Zanardo et al., 2012; Berghuijs et
al., 2014]. These advances can provide important clues for the prediction of water resources in
rivers and for forecasting of their response to climate change [Destouni et al., 2013].
In this study, we present and exemplify a physically-based method capable of predicting the
ow regime in the absence of discharge data. The method is grounded in the stochastic analytic
model developed by Botter et al. [2007a]. This is a mechanistic approach where the dynamics
of daily streamows are linked to a spatially-integrated soil water balance forced by intermittent
rainfall. This paper adopts the version of the model in which the hydrologic response of the
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catchment is assumed to be non-linear [Botter et al., 2009; Ceola et al., 2010]. The four physically-
based parameters that dene the ow duration curve are estimated based on climatic (rainfall
and potential evapotranspiration) and geomorphological data (DEMs), integrating established
water balance models [Budyko, 1974; Milly, 1994; Porporato et al., 2004; Sivapalan et al., 2011]
with a geomorphic recession ow model (GRFM) [Biswal and Marani, 2010]. In particular,
for the application discussed in this paper, a set of gauged catchments is used for estimating
the parameters of the water balance models based on climate data. Such parameters are then
employed for the prediction of streamow probability distributions in a dierent set of test
catchments. Moreover, the prediction of ow regimes in these test catchments exploits the
geomorphic relationship between the river network structure and recession properties of ows,
evidenced by Biswal and Marani [2010]. The overall work-ow of method and main model
parameters are introduced in Figure 2.1.
This paper is organized as follows: section 2 provides a summary of the hydro-climatic data,
the selection criteria for the study catchments, and the essential information about these catch-
ments. In section 3, we introduce the analytical model for the probability density function of
streamows and dene the relevant model parameters. Section 4 outlines the method proposed
for the parameter estimation in the absence of discharge data. In particular, the performance of
dierent water balance models were tested for the estimation of the frequency of ow producing
events. The ranking of the water balance models and the results of predicting the streamow
regimes are discussed in section 5. In section 6 the limitation of the proposed method are elabo-
rated on. Section 7 provides the overall conclusions of this study.
2.2 Study Catchments and Hydro-climatic Data
49 catchments were considered in this study which were divided in two sets: (i) catchments used
for calibration of the water balance model, hereafter referred to as calibration catchments (Table
2.1); (ii) catchments were streamow distribution was predicted from climate and morphological
data (hereafter referred to as test catchments), taking advantage of the calibrated water balance
models (Table 2.2). The catchments are distributed relatively evenly throughout the United
States, east of the Rocky Mountains. The size of the basins span between 40 and 2000 km2
and include many dierent climatic regions. All the study catchments are not impacted by
signicant regulation or storage. Figure 2.2 shows the spatial distribution of the 49 catchments
across the US. The northern catchments (marked with a dotted circle) experience relevant snow
precipitations during winter. The presence of snow may signicantly impact the water balance
across seasons, in particular by storing water inside the catchment in winter (when precipitation
occurs) and releasing the stored water in spring (when the snow melting increases the runo
coecient). Thus, in the catchments aected by snow dynamics, results from winter and spring
were disregarded in the application of water balance models at the seasonal scale.
Potential evapotranspiration (PET) data has been acquired through two dierent data bases:
(i) The `MODIS global evapotranspiration Project' (MOD16), available from the Montana Uni-
versity (http://www.ntsg.umt.edu), which includes a dataset providing PET at 1 km2 res-
olution for 109 Million km2 global vegetated land areas at 8-day, monthly and annual time
resolution, based on the Penman-Monteith method; (ii) The `CGIAR-CSI Global-Aridity and
Global-PET Database' [Zomer et al., 2007], a freely available global PET database ( http:
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Mean rainfall depth, ɲ͕ŝƐĞƐƟŵĂƚĞĚĨŽƌĞĂĐŚŽĨ
ƚŚĞϰϵĐĂƚĐŚŵĞŶƚƐŝŶĚŝǀŝĚƵĂůůǇ͘
ϭ͘&ŽƵƌǁĂƚĞƌďĂůĂŶĐĞŵŽĚĞůĐŽŶƐŝĚĞƌĞĚ
Ϯ͘ƉƉůŝĞĚƚŽϯϴĐĂůŝďƌĂƟŽŶĐĂƚĐŚŵĞŶƚƐĂƚĂŶŶƵĂů
ĂŶĚƐĞĂƐŽŶĂůƟŵĞƐĐĂůĞƐ
ϯ͘ZĞƐƵůƚƐǁĞƌĞƌĂŶŬĞĚ
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a
Fig. 2.1: The overall work-ow of the modeling method is presented here. The four physically-based
parameters of the streamow model, used for predicting the ow duration curve, are estimated
based on climatic and geomorphological data.
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Test Catchments
Calibration Catchments
Fig. 2.2: Spatial distribution of the 38 catchments used for the calibration of the water balance models
and 11 test catchments (A through K) where the ow regime is predicted. The CGIAR average
annual potential evapotranspiration is shown on the background to represent the underlying
heterogeneity of climate regimes. The approximate size of each catchment is also depicted. The
catchments marked with a dotted circle experience relevant snow precipitations during winter.
//www.cgiar-csi.org) based on the Hargreaves method. This information was integrated into
a geographical information system (ESRI ArcGis 10.0). Spatially averaged value of PET was
calculated for every catchment and every PET dataset. The results of both models were com-
pared and it was found that the MODIS model provides larger estimates of PET with respect to
the CGIAR model, both at seasonal and annual time scales. However, the dierence is relativity
small and constant, thereby allowing for the comparison between the two models to be viable.
For each catchment, daily rainfall records provided by the American National Oceanic and At-
mospheric Administration (NOAA), and daily discharge records provided by the United States
Geological Survey (USGS) were used. Available time series typically span several decades. The
49 catchments considered in this study were chosen such that synchronous rainfall and discharge
data were available for at least 10 years (Table 2.1). The exact location of the discharge gauges
were determined on a detailed map of the river network of the United States provided by the
NOAA (info: http://www.nws.noaa.gov/geodata/catalog/hydro/metadata/riversub.htm;
download: https://www.ncl.ucar.edu/Applications/Data/). The contributing catchments
and drainage networks upstream of the discharge gauging stations were then estimated. For
each streamow gauging station selected in the study, a representative rainfall station (located
as close as possible to the center of the catchment area) was selected. The reliability of using
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just one rainfall gauge for each catchment was supported by previous studies [see Botter et al.,
2013], which proved that given the size of the basins (Table 2.1) selected in this study, the spatial
variability of daily rainfall statistics is weak, and the use of a single rainfall station does not
introduce any remarkable bias in the analysis.
2.3 Analytical Model of p(Q): Linking Flow Regime to Geomorphoclimatic Data
The river ow regime can be characterized by the seasonal probability density function (PDF)
of daily streamows described in this work through the analytical mechanistic model developed
by Botter et al. [2009]. This model is based on a catchment-scale soil water balance forced
by stochastic rainfall which is modeled (at daily timescale) as a marked Poisson process with
frequency P [T
 1] and exponentially distributed depths with average  [L] [Rodriguez-Iturbe
et al., 1999; Porporato et al., 2004; Botter et al., 2007a]. In this method the dynamics of the
specic streamow Q (per unit catchment area) is made up of two components: (i) instantaneous
jumps (eective rainfall) corresponding to rainfall events lling the soil water decit in the root
zone. Eective rainfall events take place with frequency  < P and are also represented by
a marked Poisson process; (ii) power law decays in between events, as implied by a non-linear
catchment-scale storage-discharge relationship [Brutsaert and Nieber 1997; Porporato and Ridol,
2003; Kirchner, 2009; Botter et al., 2009]. Therefore, the temporal dynamics of Q during a given
season is described by the following relation:
dQ (t)
dt
=  KQ (t)a + Q(t) (2.1)
where Q(t) represents the stochastic noise (the sequence of state dependent random jumps of
Q, associated with those rainfall events which produce streamow); K[L1 aT 2 a] and a are the
coecient and exponent of the power law relation that describes the rate of decrease of Q during
the recession. The steady-state PDF of streamows can be derived from the solution of the
master equation associated to equation (2.1) [Botter et al., 2009] as:
p(Q) = CQ a exp

  Q
2 a
K(2  a) +
Q1 a
K(1  a)

(2.2)
where C is a suitable normalizing constant. Equation (2.2) expresses the seasonal ow regime as
a function of four physically-based parameters that embed the geomorphic and climate features
of the contributing catchment. While mean discharge is only a function of  and  (see section
4:2), all four model parameters contribute to dening the shape of p(Q), leading to the emergence
of a variety of regimes (see Figure 11 in Botter et al., 2009). Note that Equation (2.2) holds
only for cases where a > 1, which include the large majority of catchments in real world settings
[Biswal and Marani, 2010; Mutzner et al., 2013]. The cases where a < 1 can be handled using a
similar approach [Botter et al., 2009].
The ow duration curve is expressed by the cumulative distribution function (CDF) of Q and
can therefore be calculated by integrating equation (2.2):
D(Q) =
Z +1
Q
p(x)dx (2.3)
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Closed-form analytical expressions of D(Q) are available only for special cases (e.g. a 2 N).
The above model considers streamows at the daily time scale and fast components of the hy-
drologic response are implicitly incorporated in the non-linear storage-discharge relationship that
drives the soil drainage. The major assumptions underlying the analytical formulation shown
in equation (2.2) are: (i) the Poisson distribution of ow-producing events; (ii) the exponential
distribution of the daily rainfall (and eective rainfall) depths; (iii) the lack of inter-event vari-
ability of recession features; (iv) the spatial homogeneity of climate and landscape properties at
the catchment scale. Moreover, the interference caused by snow accumulation and melting is not
explicitly included in the formulation. The possible presence of carryover ows across dierent
seasons (when signicant) is accounted for by suitably adjusting the frequency of ow producing
events . Extensive applications and generalizations of this approach have been published in
previous studies [Botter et al., 2010a, 2013; Ceola et al., 2010; Pumo et al., 2013; Schaei et al.,
2013; Mejia et al., 2013; Muller et al., 2014].
2.4 Estimating the Parameters of p(Q)
The PDF of streamows (equation (2.2)) relies on four parameters: , , K, and a, which
incorporate important climatic and geomorphologic features of the catchment. In the eleven test
catchments the value of  is estimated from rainfall data, while a and K are estimated through
a geomorphic recession model that is applied locally. The value of  is estimated for each test
catchment through water balance models that are independently calibrated based on rainfall and
discharge data from 38 dierent catchments in the same study area. The estimation methods
are explained in detail below.
2.4.1 Computation of 
Mean rainfall depth () is estimated by means of daily rainfall data recorded at climatic stations
within the boundaries of each catchment. In particular,  is calculated as the mean precipitation
during wet days (i.e. days with rainfall depth above zero) in the considered season.
2.4.2 Computation of 
According to the analytical formulation described in section 3, the ltering performed by catch-
ment scale soil moisture dynamics leads to a decrease in frequency of events (from p to )
without impacting the distribution of the depths [Porporato et al., 2004; Botter et al., 2007a].
The long-term mean of P and Q can then be expressed as hP i = p and hQi = , respectively.
Hence, the frequency of eective rainfall events  can be estimated as  =  p, where p is the
frequency of rainfall events (estimated as the relative fraction of rainy days in the seasonal time
series) and  = hQi = hP i is the average seasonal runo coecient (i.e. the ratio of mean dis-
charge to mean precipitation).  can be estimated by means of calibrated water balance models
using precipitation and PET data.
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Four existing water balance models were tested and compared by analyzing their ability to
predict observed runo coecients at 38 catchments within the study region (Table 2.3). The
models are: the empirical Budyko [1974] approach (WB1), the stochastic physically-based ap-
proaches of Porporato et al. [2004] (WB2) and Milly et al. [1994] (WB3), and the semi-empirical
method proposed by Sivapalan et al. [2011] (WB4). The models adopted, their governing equa-
tions for estimation of average seasonal runo coecients, as well as appropriate references are
listed in Table 2.3. The main features of each model are explained in detail in the supplementary
information. Each model has a dierent number of parameters, which were calibrated in order to
maximize model performances. The number of catchments used for calibration of the water bal-
ance model was deliberately maximized to test each model under a broad range of hydro-climatic
conditions and identify the best approach in general within the study area. In this paper, we
assume the spatial variability of the water balance within the study region can be explained by
the underlying heterogeneity of the precipitation and PET. Hence, model parameters were as-
sumed to be spatially homogeneous, so that the calibrated parameters can be exported to other
catchments within the study region, including the eleven test catchments where ow regimes
are predicted. An alternative approach where the parameters of the water balance models were
allowed to be spatially variable, across a predened set of geographic-climatic sub regions, was
also tested. This approach provided a very small improvement of model performance despite a
signicant increase in number of calibration parameters, and was therefore discarded.
Some of the models applied here are based on hypotheses that only hold at the annual time-
scale (WB3), or they have been previously applied mainly at the annual level (WB1). Because
of this reason they are best applicable to estimate annual runo coecients. To get an estimate
of the inter-seasonal variability of streamow regimes during the year, the knowledge of seasonal
average runo coecients would instead be desirable. To this aim, a novel approach has been
developed in order to describe the inter-seasonal variability of the water balance based on annual
estimates.
The average annual runo coecient (a =
hQia
hP ia ) can be expressed as a weighted mean of the
seasonal average runo coecients. Accordingly, the seasonal runo coecient i =
hQii
hP ii can be
calculated by multiplying the annual runo coecient a by a Seasonal Multiplication Factor  i
which expresses the inherent seasonality of the water balance:
i = a i (2.4)
where a is estimated using one of the four water balance models described above, and  i = i=a
is the ratio between seasonal and annual runo coecient during the season i. Note that the
typical subdivision into four seasons, broadly following the calendar dates, has been adopted in
this paper. Equation (2.4) expresses the idea that even though the annual runo coecient may
vary signicantly among catchments, the seasonal pattern may be relatively uniform across a wide
range of conditions. Despite some scattering, the results obtained in the 38 study catchments
corroborate the assumption that  i are quite homogenous (see Figure 2.3). The values of  i
were thus assumed to be spatially uniform and were calibrated based on observed rainfall and
streamow data.
2.4.3 Computation of a and K
The estimation procedure for the recession parameters a andK is rooted in the idea that recession
properties are strongly related to the morphology of the stream network [Biswal and Marani,
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Fig. 2.3: Seasonal multiplication factors for the four seasons: spring (March, April, May), summer (June,
July, August), autumn (September, October, November), winter (December, January, February).
The box plot shows the 25%, 50% and 75% quantiles as well as the entire range of observed values
across the 38 study catchments.
2010; Mutzner et al., 2013; Biswal and Nagesh Kumar, 2014a; Biswal and Marani, 2014]. During
recessions both the streamow and the active drainage network { which represents the fraction of
the network that actively contributes to the ow at the outlet { decrease over time [Gregory and
Walling, 1968; Weyman, 1970; Godsey and Kirchner, 2014]. The active drainage network (ADN
hereafter) is thus assumed to expand and contract following the related streamow uctuations.
The theoretical apparatus on which the GRFM model is grounded, as well as the performance
of the model under various settings are detailed in a series of recent papers (Biswal and Nagesh
Kumar [2013]; Biswal and Marani [2014] and references therein), where the relevant details can
be found. In summary, the specic streamow Q is expressed as:
Q =
q G
A
(2.5)
where G is the length of the active drainage network, q is the ow generation rate per unit
channel length, and A the catchment area. Three simplifying assumptions are then introduced:
(i) drainage density is spatially uniform; (ii) both the ow generation per unit channel length q
and the speed at which the ADN contracts towards the outlet (c) are constant; (iii) the changes
of G through time are expressed in terms of the changes of G induced by changes of the maximum
path length within the ADN, l (which is the maximum distance between a point of ADN and
the furthest source of the network): dG=dt = dG=dl  dl=dt = c dG(l)=dl.
Under these assumptions, the recession equation dQ=dt = KQa can be rewritten as [Biswal
and Marani, 2014]:
N(l)
A
= 0

G(l)
A
a
(2.6)
where N(l) = dG(l)=dl is the number of links in the network at a distance l from the outlet,
and 0 = Kqa 1=c. Equation (2.6) states that the recession exponent a can be estimated from
the morphology of the basin by analyzing the scaling exponent of the geomorphic relationship
between N(l) and G(l). These functions can be derived from the analysis of digital terrain
maps. The scaling exponent of the functions G(l) vs. N(l) can be easily calculated through
least-squared regression, thereby allowing an objective estimate of the recession exponent from
morphological data.
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In order to estimate the recession coecient K, we rst calculate the temporal mean of
Equation (2.5) such that hQi = q Dd, where Dd = hGi =A. Noting the analytical expression of
mean specic discharge from the streamow model, mentioned in the previous section, q can then
be expressed as: q = Dd . Combining this equation with the denition of 
0, mentioned before,
leads to:
K = 0cq1 a = ()1 a (2.7)
where  = 0c=D1 ad . Equation (2.7) expresses that K is inversely related to the mean discharge
, as well as to the recession exponent a. Moreover, K has been associated with mean humidity
conditions in the catchment [Shaw and Riha, 2012; Shaw et al., 2013; Biswal and Nagesh Kumar,
2014b]. Empirical analysis based on observed recessions in multiple catchments suggests that the
value of  is fairly constant across dierent catchments and seasons. Therefore, here we assume
 to be constant and calculate its value based on summer season streamows in a randomly
selected pilot catchment (Williams Basin, US where  = 0:23 d 1). Equation (2.7) can then be
used to predict K based on a,  and .
In the eleven test catchments where the prediction of ow regime was performed, the river
network was estimated based on 30 m USGS DEMs (obtained from: http://gdex.cr.usgs.
gov/gdex/). These catchments can be broadly classied as gently sloping (average slope < 5%).
Therein, the D8 ow direction algorithm [Mark, 1988] was used to obtain the ow direction maps,
and subsequently the ow accumulation maps. A Flow accumulation threshold of 0:09 km2 was
then imposed to delineate channel networks for these eleven test catchments.
2.5 Results
2.5.1 Water Balance Model Ranking
For the presentation of the results of the water balance models, the following notation has been
used to uniquely identify each model and the set of possible variants adopted. Each water balance
model is labeled by a string which is composed of four parts:
WB1| {z }
1
:ET1| {z }
2
: A|{z}
3
(1)|{z}
4
(1) refers to the specic water balance model (Table 2.3); (2) identies the potential evapo-
transpiration dataset used in the model calibration: ET1 refers to CGIAR while ET2 refers to
MODIS; (3) denotes the model time scale: A implies the model has been applied at the annual
time scale; S implies the model has been applied at the seasonal time scale; Sc implies that the
model has been applied at the annual time scale and then the seasonal water balance has been
evaluated by making use of the seasonal multiplication factors  ; (4) species the numbers of
model parameters used in the calibration (when necessary).
Many of the models considered include the average rooting depth Z as a key parameter.
Z drives the maximum soil moisture storage capacity nZ(s1   sw). Hence, for convenience and
without any loss of generality, sw; s1 and n are assumed to be constant throughout all simulations
(and equal to 0:2; 0:5 and 0:35, respectively), while only Z was calibrated. Note that dierent
17
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Rank Model Number of parameters  AIC MSE Parameters
1 WB4.ET1.A 1 0.0 0.0079 u = 0:2
2 WB4.ET2.A 1 8.0 0.0097 u = 0:2
3 WB1.ET1.A 0 11.6 0.0112 -
4 WB2.ET1.A 1 16.6 0.0121 Z = 420mm
5 WB2.ET2.A 1 26.8 0.0157 Z = 300mm
6 WB3.ET1.A 2 29.8 0.0161 Z = 900mm, k = 0:525
7 WB1.ET2.A 0 36.9 0.0214 -
8 WB3.ET2.A 2 38.8 0.0203 Z = 700mm, k = 0:525
Tab. 2.4: Ranking of water balance models applied at the annual time scale.
versions of each model were implemented, where either a single value of Z or dierent values of
Z for each season (or two seasons) were considered.
With regards to the four water balance models, the deviance of observed vs. modeled results
was rst quantied by the Mean Square Error (MSE), dened as MSE = 1=N
NP
i=1
2i where
 is the dierence between modeled and observed runo coecients, and N is the number of
cases in which the models are tested (N = 38). Furthermore, performances of each model has
been objectively quantied by means of the Akaike Information Criterion (AIC) [Akaike, 1973].
The method provides a rigorous way for model selection based on the maximization of the log-
likelihood function between experimental data and model estimates. The goodness of t of each
model is discounted by accounting for the number of parameters that are tted to observations.
The formulation of AIC used to rank the dierent water balance models in this study is as follows
[Burnham and Anderson, 2002]:
AIC = 2N MSE + 2(M + 1); (2.8)
where N is the number of independent catchments used to evaluate the models and M is the
number of calibrated parameters. Table 2.4 summarizes the performances of the water balance
models applied at the annual time scale and values of calibrated parameters that optimize model
performance.
WB1 and WB2 prove quite eective at the annual timescale, especially in association with
ET1. Overall, WB4 seems to be the best model in order to estimate the average annual water
balance in the study area. Though, its performance is only slightly better than those of WB1
which has no calibrated parameters. It is noteworthy to mention that the calibration of the
annual models led to reasonable values of Z in all cases (500 < Z < 1000), in agreement with
previous studies [Allen et al., 1998]. In general all models perform better when coupled with the
ET1 dataset.
Table 2.5 summarizes the results of the water balance models applied at the seasonal time
scale. The performance of WB1 at seasonal scale is not as good as those at annual time scale.
However, considering the absence of calibrated parameters in the Budyko approach, WB1 per-
formance at the seasonal time scale is notable. Similarly, WB4 performances at the seasonal
timescale are also quite poor, which is possibly a result of the coupling with the seasonal co-
ecients. Nonetheless, the overall performance of the method utilizing annual models and the
seasonal multiplication factors are comparable to the performance of the same models applied
across seasons. The observed inter-catchment variability of  i across the study area (in the set of
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Fig. 2.4: Scatter-plots of observed vs. estimated runo coecients by a select number of calibrated models
at the seasonal time scale. The value of MSE is also included.
38 calibration catchments) is relativity low (Figure 2.3) despite the broad range of hydro-climatic
conditions explored. When the seasonal multiplication factors are used, the best performing mod-
els are WB2 and WB3. Overall, at seasonal time scale, WB2 was found to be the best performing
model, especially when the rooting depths Z was separately calibrated for each season.
Figure 2.4 shows the scatter-plots of a select number of calibrated models { including the three
best performing models{ at the seasonal time scale for the 38 calibration catchments. On the
y-axis the modeled value of the runo coecient is shown, while the observed value, calculated as
the ratio between the average seasonal precipitation and runo, is shown on the x-axis. Despite
some scattering, WB1 and WB2 (presented here) exhibit satisfying performances in estimating
the seasonal runo coecients.
The performances of all four models at the seasonal time scale, without dierentiation be-
tween the two PET datasets and the dierent versions of each model implemented, are shown in
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Fig. 2.5: Frequency distribution of AIC for all water balance models. The median value of AIC is
also included.
Figure 2.5. The histograms represent the frequency distribution of AIC among the variants of
each model and are complemented with the median value of AIC, thereby allowing an objective
assessment of the overall performances of each approach. WB2.ET2.S(4) is characterized by the
smallest mean value of AIC, implying that (on average) it outperforms the other models.
Lastly, WB2.ET2.S(4) was utilized for predicting the runo coecient at 11 test catchments.
The ability of WB2.ET2.S(4) to describe the seasonal water balance at the eleven test catchments
is analyzed in Figure 2.6, which compares observed vs. estimated values of the runo coecient
for all the available seasons. Performance is relatively good in most cases, especially in view
of the fact that no specic information on observed discharge at the test catchments has been
used. A slight underestimation of runo coecients is observed for energy limited catchments
and seasons, which is a possible by-product of neglecting surface runo in the water balance
model. One outlier is noticeable in the right hand side of the plot. This point refers to the spring
season of a mountainous catchment (Youghiogheny river) that is possibly aected by snow melt
during this season.
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Fig. 2.6: Scatter-plot of the seasonal average runo coecient for the eleven test catchments based on the
WB2.ET2.S(4) water balance model.
2.5.2 Prediction of p(Q)
Streamow distributions for every season were predicted at 11 catchments, corresponding to
44 seasonal regimes (Table 2.2). The test catchments are basins with natural streamows, not
aected by regulation or signicant snow dynamics, and are distributed across the study region. It
is important to note, this study is aimed at presenting and exemplifying the general methodology
and therefore, an extensive regional study is beyond the scope of the paper.
The parameters of the analytical streamow PDF were estimated for the eleven test catch-
ments using only climate and landscape data as discussed in Section 4. Table 2.6 shows the
resulting values of , , a and K for each season in the eleven test catchments. For comparison,
the observed values of , a and K were also calculated based on discharge data [Biswal and
Marani, 2010; Ceola et al., 2010]. In agreement with results depicted in Figure 2.6, the esti-
mates of  based on precipitation and PET data show a broad agreement with the corresponding
estimates based on discharge data. The geomorphological estimates of a (which are assumed
to be independent of the season) show variable performances across the dierent catchments.
In most cases there is a general agreement with the median value of the recession exponent
calculated based on discharge data, while in a few cases a visible deviation is observed. The
geomorphological estimates of K instead, are in agreement only in half the cases when compared
to the estimated value of the recession coecient based on discharge observation. The lower
performance is most noticeable in catchments located in water limited regions. This can be
attributed to the discrepancy between the ow generation processes in such environments and
the underlying assumptions of the geomorphological model discussed in section 4 [see Biswal and
Nagesh Kumar, 2013]. It is important to note that the value of  (calculated based on observed
discharge time series via Equation 2.7) is weakly variable across dierent catchments and sea-
sons (CV  0:4), thereby corroborating the reliability of the assumption that  is constant in
Equation (2.7).
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Catchment Name Season
Estimated from Climate
and Geomorphologic Data
Estimated from Discharge
Data
[cm] [ 1
d
] K[ cm
(1 a)
d(2 a) ] a[ ] [
1
d
] K[ cm
(1 a)
d(2 a) ] a[ ]
Youghiogheny River (A) Spring 0.73 0.19 0.84 1.65 0.45 0.45 1.68
Summer 0.89 0.07 1.48 1.65 0.13 1.09 1.75
Autumn 0.74 0.09 1.30 1.65 0.15 1.27 1.90
Winter 0.63 0.35 0.62 1.65 0.50 0.57 1.84
Daddy Creek (B) Spring 1.08 0.18 0.87 1.81 0.26 0.61 1.73
Summer 1.02 0.06 2.31 1.81 0.05 1.05 1.44
Autumn 1.04 0.07 1.91 1.81 0.07 1.42 1.67
Winter 0.95 0.26 0.71 1.81 0.31 0.71 1.89
Big Piney Creek (C) Spring 1.61 0.16 1.16 2.19 0.17 0.45 1.57
Summer 1.17 0.03 9.75 2.19 0.04 0.92 1.54
Autumn 1.79 0.10 1.99 2.19 0.04 1.25 1.71
Winter 1.31 0.14 1.68 2.19 0.14 0.57 1.71
Sand Run River (D) Spring 0.72 0.18 1.85 2.02 0.38 0.76 1.73
Summer 0.95 0.07 3.79 2.02 0.09 1.43 1.52
Autumn 0.76 0.08 3.84 2.02 0.12 1.86 1.76
Winter 0.56 0.35 1.19 2.02 0.51 0.93 1.86
Bourbeuse River (E) Spring 0.99 0.14 1.40 1.90 0.17 2.01 1.76
Summer 1.17 0.04 1.20 1.90 0.05 1.98 1.47
Autumn 1.11 0.05 3.81 1.90 0.05 2.78 1.76
Winter 0.72 0.09 2.77 1.90 0.16 2.16 1.86
Brush Creek (F) Spring 1.03 0.15 1.74 2.10 0.2 2.91 1.96
Summer 1.17 0.05 5.20 2.10 0.05 3.95 1.63
Autumn 1.00 0.05 5.89 2.10 0.05 8.41 1.92
Winter 0.84 0.18 1.86 2.10 0.20 2.63 1.87
Dutch Creek (G) Spring 1.51 0.14 1.36 2.15 0.14 1.07 1.78
Summer 1.33 0.04 7.47 2.15 0.02 1.11 1.47
Autumn 1.57 0.06 3.41 2.15 0.03 1.46 1.67
Winter 1.26 0.13 1.80 2.15 0.12 0.96 1.76
Kiamichi River (H) Spring 1.45 0.17 0.74 1.85 0.22 0.49 1.58
Summer 1.21 0.04 2.86 1.85 0.06 0.56 1.26
Autumn 1.56 0.11 1.05 1.85 0.09 0.76 1.51
Winter 1.14 0.17 0.93 1.85 0.23 0.47 1.67
Mill Creek (I) Spring 1.18 0.14 3.28 2.50 0.23 0.85 2.22
Summer 1.10 0.06 12.06 2.50 0.10 1.19 2.00
Autumn 1.30 0.07 8.00 2.50 0.10 2.92 2.23
Winter 1.10 0.22 1.84 2.50 0.29 0.82 2.14
Sipsey Fork (J) Spring 1.58 0.16 0.77 1.90 0.17 0.75 1.84
Summer 1.28 0.06 2.21 1.90 0.04 3.10 1.85
Autumn 1.47 0.08 1.49 1.90 0.04 5.46 2.03
Winter 1.47 0.22 0.63 1.90 0.20 0.77 1.89
Johns Creek (K) Spring 0.82 0.16 2.96 2.25 0.21 0.59 1.58
Summer 0.96 0.06 8.53 2.25 0.05 1.34 1.53
Autumn 0.87 0.07 7.90 2.25 0.08 0.42 1.54
Winter 0.60 0.24 2.55 2.25 0.30 0.31 1.20
Tab. 2.6: Estimated value of model parameters for all seasons at the eleven test catchments.
Equation (2.2) is used to model the "period-of-record" PDFs in the eleven test catchments.
The agreement between modeled and observed PDFs (and the associated CDFs) was rst evalu-
ated through visual inspection. Model performances were then objectively quantied by compar-
ing modeled and observed moments of the PDF, and by computing half the integral dierence
between the analytical and observed ow PDFs [Botter et al., 2013]. The accuracy of the model
was further analyzed by the Mean Squared Relative Error (MSRE) of selected ow statistics (see
Table 1 in [Biondi et al., 2012]).
As an example, Figure 2.7 presents the observed (bars) and modeled (solid line) seasonal
streamow PDFs at Daddy creek, US. The analytical model captures the shape of the observed
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Fig. 2.7: Observed (circles and bars) and modeled (solid lines) PDFs and CDFs for (a) spring, (b) summer,
(c) autumn and (d) winter at Daddy Creek, TN. The integral dierence between modeled and
observed PDFs is equal to (a) 0.220, (b) 0.212, (c) 0.203, and (d) 0.163.
probability distribution of ows relatively well in all seasons. Though, the model seems to slightly
underestimate the high ows, providing lower probability for large events as compared to the
observations. The ability of the model to catch the change in shape of the streamow distribution
across dierent seasons is particularly valuable. On a seasonal time scale, a catchment can
produce both erratic and persistent regimes [Botter et al., 2013]. In persistent regimes, the
humped shape of the PDF indicates larger frequency of events contributing to streamow with
reduced ow variability. In contrast, in erratic regimes the monotonically decreasing shape of
the PDF signies smaller frequency of ow-producing events and enhanced ow variability. In
Daddy Creek, there is a shift in streamow PDF from hump-shaped in spring and winter seasons
to monotonically decreasing in summer and autumn seasons (Figure 2.7). This is consistent with
rainfall and PET patterns across the seasons (see Botter [2014]).
The insets of Figure 2.7 present the observed (circles) and modeled (solid line) CDFs of all
seasons at Daddy Creek. A logarithmic scale has been used in order to better represent the
behavior of the curves for large streamows. The modeled CDFs are slightly shifted downward
as compared to the observed CDFs. This is as a result of the reduced amount of water available
for streamow generation estimated by the water balance model. Nevertheless, the shape of the
CDF seems to be reasonably captured in most seasons.
Figure 2.8 shows the observed (bars) and modeled (solid line) PDFs for the summer season
at four other test catchments. During the summer season an erratic regime is observed as a
result of low rainfall and enhanced transpiration rates, which imply increased frequency of the
24
Chapter 2. Predicting Streamow Distributions and Flow Duration Curves From Landscape and Climate
a) YOUGHIOGHENY RIVER
b) SAND RUN RIVER
c) BIG PINEY CREEK
 
 
 
 
 
 
0 0.5 1.0 1.5 2.0
0
5
10
15
STREAMFLOW Q [cm/d]
p
(Q
) 
[d
/c
m
]
0 0.5 1.0 1.5 2.0
0
5
10
15
STREAMFLOW Q [cm/d]
p
(Q
) 
[d
/c
m
]
0 0.5 1.0 1.5 2.0
0
5
10
15
STREAMFLOW Q [cm/d]
p
(Q
) 
[d
/c
m
]
OBSERVED
MODEL
10-1 100 101
10-4
10-3
10-2
10-1
100
10-2
10-1 100 101
10-4
10-3
10-2
10-1
100
10-2
10-1 100 101
10-4
10-3
10-2
10-1
100
10-2
Q [cm/d]
C
D
F
 [
-]
Q [cm/d]
C
D
F
 [
-]
Q [cm/d]
C
D
F
 [
-]
d) SIPSEY FORK
 
STREAMFLOW Q [cm/d]
p
(Q
) 
[d
/c
m
]
10-1 100 101
10-4
10-3
10-2
10-1
100
10-2
Q [cm/d]
C
D
F
 [
-]
0.5 1.0 1.5 2.00
0
5
10
15
OBSERVED
MODEL
Fig. 2.8: Observed (bars) and modeled (solid lines) PDFs for summer season at (a) Youghiogheny River,
MD, (b) Sand Run River, WV, (c) and Big Piney Creek, AR, (d) Sipsey Fork, AL. The integral
dierence between modeled and observed PDFs is equal to (a) 0.190, (b) 0.232, (c) 0.048, and
(d) 0.225. The insets show the associated observed (circles) and modeled (solid line) CDFs for
each plot.
smallest discharge events (see Figure 1c in [Botter et al., 2013]). The analytical model reasonably
captures the shape of the streamow PDFs in all cases. The associated modeled CDFs (insets of
Figure 2.8) show a similar behavior as discussed above.
The ability of the model to capture observed ow statistics have been further investigated
by analyzing the model performance in reproducing the mean (hQi) and coecient of variation
of daily discharge (CVQ). Figure 2.9 shows the seasonal hQi (a) and CVQ (b) observed at all
catchments plotted against the corresponding modeled values. The model estimates of both hQi
and CVQ have been computed through numerical integration of Equation (2.2). In most cases
prediction of the analytical model matches the corresponding observed CVQ (MSRE = 0:07).
This points to the models ability to reasonably capture the streamow variability and its inter-
seasonal dynamics across dierent climatic and landscape settings. The value of MSRE of mean
discharge when all seasons at the eleven test catchments are considered is equal to 0:13. Given the
complexity of processes involved in the hydrologic response of a catchment, model performances
are deemed satisfactory.
2.6 Discussion
The method presented here is structurally able to provide a reasonable estimation of streamow
regimes based on limited information about climate and landscape. This encouraging outcome
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provides the opportunity for a number of potential applications such as evaluation of anthro-
pogenic alteration of ow regimes or the prediction of hydrologic shifts induced by climate change.
However, it should be noted that the stochastic streamow model presented in this paper is best
suited to describe ow regimes of pristine catchments with a contributing area smaller than a few
thousand square kilometers, where streamow dynamics result from the interaction between in-
termittent precipitation inputs and soil drainage. Although extensions to dierent settings (such
as snow-dominated, urbanized or seasonally dry catchments) have been proposed [Schaei et al.,
2013; Muller et al., 2014; Mejia et al., 2014], their predictive power in the absence of discharge
measurements must be assessed. Moreover, the estimate of the model parameters based on cli-
mate and landscape requires the introduction of additional assumptions and parameters that
may reduce the accuracy of the ow regime predictions. In the set of cases explored here, model
performances were satisfactory, but more research is recommended to explore the reliability of
the approach in a wider array of case studies.
The accuracy of the estimate of a (i.e. the degree of non-linearity of the hydrologic response)
based on catchment morphology may be aected by the resolution of DEM. Moreover, the es-
timated value of a might depend on the drainage density and its spatial patterns [Mutzner et
al., 2013], which can be dicult to asses on experimental grounds, especially for large catch-
ments. Moreover, the application to relatively at catchments may be problematic due to lack
of accuracy of automatically extracted networks and the dominant role played by hydrological
features. An accurate estimation of the frequency of ow producing events () may be challeng-
ing in presence of small-scale geologic heterogeneity. Also, the reliability of the water balance
estimate is inuenced by the type of model used. Our results suggest that suitably calibrated
physically-based models perform better than empirical methods (such as Budyko), but require
data from nearby sites or large-scale regional studies for their calibration. Where no information
is available, empirical methods can be utilized, with increased uncertainty about the accuracy of
the prediction. The estimation of  and K on the other hand is less precarious. The value of 
is calculated from readily available long-term daily rainfall records, with little uncertainty. The
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value of K is dependent on ,  and a which makes the accuracy of its estimation dependent on
the deviation of those parameters (Table 2.6). However, sensitivity of the analytical streamow
distribution to the parameter K is relatively low, particularly for values of a close to 2 [see Botter
et al., 2009]. This implies (and our result corroborate) that a rough estimate of the recession
coecient suces for predicting p(Q) with a reasonable accuracy.
2.7 Conclusion
A method is provided that allows for estimating the probability distribution of streamows based
on catchment scale climate and geomorphologic data. The approach employs a physically-based
analytic model of streamows with four parameters. It was shown that these parameters can
be estimated in the absence of discharge time series, by exploiting climate data (precipitation,
potential evapotranspiration) and information about the catchment morphology (DEMs).
The estimation procedure required the use of additional models, which were taken from the
literature. A geomorphologic ow recession model was utilized to estimate parameters describing
the recession behavior of the hydrograph, based on the topology of the stream network. A water
balance model was used to predict the frequency of ow producing rainfall events. As the latter
proves particularly important to predict the ow regime at a station, four existing water balance
models were tested using rainfall and discharge data from 38 US catchments, characterized by
diverse hydro-climatological characteristics. The best performing model (according to the Akaike
selection criterion) was then used for the prediction of seasonal streamow regimes in a disjointed
set of eleven catchments within the considered study area.
The results demonstrated that the model is capable of capturing the streamow regime rea-
sonably well in most of the cases analyzed. This suggests the robustness of the approach in
capturing the streamow variability and its inter-seasonal dynamics across dierent climatic and
landscape settings.
Our results suggest that the method has the potential for estimating the probability density
function of river ows based on limited (and widely available) information on climate and land-
scape. The method has implications for a wide range of practical and scientic applications such
as water resources management, ecological studies and ood risk assessment. Further eorts are
needed to investigate the performance of the model in a wider array of catchments, and to test
the applicability of the method in data-scarce regions. This is the objective of ongoing research.
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2.8 Supplementary Information
2.8.1 Water Balance Models
In this section, the four water balance models utilized in this study are summarized.
The rst model (WB1) represents the widely accepted empirical Budyko curve [Budyko, 1974 ].
The Budyko curve represents a very simple and eective way to estimate the annual runo
coecient, based on rainfall and PET data. The runo coecient is estimated as a non-linear
function of the `Dryness Index' (DI), dened as the ratio between annual average potential
evapotranspiration and the annual average rainfall (hPET i = hP i). The analytical function of
the Budyko curve reads:
 = 1 

DI(1  e DI ) tanh

1
DI
0:5
(S2.1)
In this model the only variable involved is DI , which depends on rainfall and potential evapotran-
spiration. In our application rainfall is measured in climatic stations and the PET is derived from
either the MODIS or the CGIAR dataset. Therefore, there are no parameters to be calibrated.
The second model (WB2) is a physically-based minimalist model, where the catchment water-
storage is seen as a stochastic state variable that governs the water balance either point-wise or
at the catchment scale [Rodriguez-Iturbe et al., 1999; Porporato et al., 2004; Settin et al., 2007].
Soil moisture dynamics are interpreted and modeled at daily time scales, by conceptualizing the
soil as a reservoir with a nite storage capacity (equal to nZ, where n is porosity and Z the
rooting depth) intermittently lled by rainfall events in the form of random pulses with random
depth. When soil moisture s exceeds a given threshold s1 (an empirical parameter with a value
between eld capacity and complete saturation), the excess rainfall is lost by vertical drainage.
Water losses occur via evapotranspiration (which is smaller than PET for s < s1 due to water
stress), drainage and surface runo (when the soil is saturated). The mean runo coecient is
written as [Porporato et al., 2004]:
 =
DI

DI e 
  (=DI ; )
(S2.2)
where  (; ) is the lower incomplete Gamma function, DI is the Budyko's dryness index, and
 the maximum soil water storage available to plants normalized to the mean rainfall depth
( = (s1 sw)nZ , with sw representing the wilting point). DI is calculated from climatic data, and
rooting depth Z was calibrated. This model is particularly suited to be applied in association
with the streamow model used in this paper, which was originally conceived by coupling WB2
with a simplied hydrologic response model [Botter et al., 2007a].
The third model (WB3) [Milly, 1994] is based on the hypothesis that the long-term water
balance is determined by the local interaction of uctuating water supply (precipitation) and
demand (potential evapotranspiration), mediated by water storage in the soil. The partitioning
of average annual precipitation into evapotranspiration and runo is assumed to depend on the
following factors: dryness index, the mean number of precipitation events per year, the ratio of
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spatially averaged soil water holding capacity to the annual average precipitation, the spatial
variability of storage capacity, and seasonality of precipitation and PET. The model postulates
that in energy limited cases (DI < 1) the dominant factor producing runo is the excess of annual
precipitation over annual potential evapotranspiration; in water limited cases (DI > 1), instead,
runo is largely caused by forcing variability over time. The resulting analytical expression of
the runo coecient reads [Milly, 1994]:
 = 1  (1 DI)
1X
j=0

1 + j(D 1I   1)k 1
 k
DI
j for DI < 1 (S2.3)
 = 1  (1 D 1I )
1X
j=0

1 + (j + 1)(1 D 1I )k 1
 k
DI
 j for DI > 1 (S2.4)
where  represents the normalized soil water storage and DI is the dryness index. Spatial
heterogeneity of soil properties is accounted for through the shape parameter k of the Gamma
PDF that describes the spatial distribution of soil storage capacity. In WB3 the calibrated
parameters were Z and k.
Model WB4 [L'vovich, 1979; Ponce and Shetty, 1995a, 1995b; Sivapalan et al., 2011] is an
annual water balance which is performed through a two-stage partitioning: rst, annual precip-
itation P is decomposed into quick ow (S) and inltration (termed catchment wetting, W ).
Subsequently, the resulting wetting is partitioned into slow ow (U) and an energy-dependent
vaporization component (evaporation plus transpiration ET ). This two-stages portioning can
be written as P = S +W and W = U + ET . The threshold values of P and W that must be
exceeded before ow can occur are dened as sWp and uPET respectively, where s and u
are empirical parameters. Wp and PET are the upper bounds of hW i and hET i, which thus
represent the potential wetting and the potential evapotranspiration of a catchment, respectively.
Both the quick-ow and slow-ow components need to be combined to yield the total discharge
in the stream (Q = U + S). The runo equation is then expressed as [Sivapalan et al., 2011]:
 =
1 +ghP i'
1 + '+ghP i' (S2.5)
where ' = PET uPEThP i sWp and
ghP i = hP i sWp(1 s)Wp .
This model was calibrated in dierent ways. Initially the 4 parameters (s, u, Wp, PET )
were calibrated as in the original version of the model. Subsequently, in order to preserve the
spatial variability of evapotranspiration, the available estimates of PET provided by theMODIS
and CGIAR datasets (multiplied by a calibrated correction factor ) was included in the model
formulation. Finally, with the goal of keeping the model viable for application in catchments
where discharge measurements are lacking, the partitioning of P into S andW (whose application
requires discharge data) was removed, thereby implying that all precipitation is turned into soil
wetting. In this way the number of parameters to be calibrated is reduced to just one (u). Given
that the latter version of the model maximized model performance across the 38 calibration
catchments, this was the method applied to WB4 as discussed in the results section.
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3. PATTERNS OF STREAMFLOW REGIMES ALONG THE RIVER NETWORK:
THE CASE OF THE THUR RIVER
Doulatyari, B.12, A. Betterle123, D. Radny1, E. A. Celegon4, P. Fanton4, M. Schirmer12, G.
Botter3 (2015), Patterns of streamow regimes along the river network: the case of the Thur
river, Environ. Modell. Softw., Under Review.
Abstract
In this study, a modeling method which predicts the probability density function and the asso-
ciated ow duration curve of streamows based solely on catchment-scale climatic and morpho-
logical features, was applied point-wise along the river network of a test basin in north eastern
Switzerland. A custom geo-database and a Web GIS platform were created for the manage-
ment of data and application of the method. Model prediction for relevant ow statistics were
validated at six subcatchment outlets with satisfactory results. Spatial patterns of ow regime
exhibit a strong climatic signature, mostly driven by reduced rainfall amounts in the downstream
areas. Specic discharge decreased with increasing contributing area. The seasonal variability of
the streamows shows a complex pattern, which is inuenced by climatic gradients and by the
structure of the river network. The framework presented here oers a novel and robust approach
for assessing the spatial patterns of streamows based on limited information.
3.1 Introduction
Streamow dynamics and its seasonal variability are a central topic in hydrology with a broad
impact on the environment and human activities. Water resource management policies, habi-
tat characteristics and riverine biota are closely dependent on the availability and variability of
streamows [Postel and Richter, 2003; Sabo et al., 2010; Widder et al., 2014]. Streamow statis-
tics, such as the probability density function (PDF) of streamows and ow duration curves
(FDC), are a useful tool for summarizing the main features of the ow regime. They are fre-
quently used for many civil and industrial purposes (e.g. hydropower production), environmental
1 EAWAG Swiss Federal Institute of Aquatic Science and Technology, Department of Water Resources and
Drinking Water, Duebendorf, Switzerland.
2 University of Neucha^tel, The Centre of Hydrogeology and Geothermics (CHYN), Neucha^tel, Switzerland.
3 University of Padova, Department ICEA and International Center for Hydrology \Dino Tonini", Padua, Italy.
4 i4 Consulting S.r.l., via Barroccio dal Borgo 1, 35124 Padova, Italy
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purposes (e.g. habitat restoration) and ecological studies [Vogel and Fennessey, 1995; Ridol et
al., 2006; Po et al., 2007; Doulatyari et al., 2014].
Spatial patterns of ow regimes are the complex by product of diverse agents (climatic, geo-
morphic, land use and cover) and in turn aect various ecohydrological processes and dynamics
along the river network. The role of ow regime in driving sh migration [Tetzla et al., 2007,
2008], trophic chains [Ceola et al., 2014], sediment transport [Doyle and Shields 2008], and wa-
ter quality [Benettin et al., 2015] has been well documented. The relationship between ow
attributes and ecological functions of rivers becomes even more complicated in cases where the
problem needs to be cast in a spatially explicit setting, because of the active movement of species
along the network [e.g. Ziv et al., 2012; Mcluney et al., 2014; Bertuzzo et al., 2012; Muneepeerakul
et al., 2007a]. In fact, spatial patterns of ow regimes inuence the connectivity between nodes,
with notable implication for river fragmentation [Jaeger et al., 2014] and meta-population dynam-
ics driven by movement. Likewise, the characterization of hydrological disturbance produced by
complex water infrastructures and the identication of optimal trade-os between anthropogenic
and ecological uses of water resources, at the scale of entire river basins, needs to be rooted in a
robust characterization of the natural spatial variability of ow regimes within riverine systems
[Botter et al., 2010a; Ziv et al., 2012].
Despite recent advances in the characterization of ow regimes in spatially explicit settings
[e.g. Costa-Cabral et al., 2008; Rigon et al.,; Formetta et al.,; Schaei et al., 2014], the analysis
and prediction of variability of ow duration curves along individual river networks still represents
an area where research is needed. The ability to estimate ow statistics along the river network
would highlight how spatial patterns of ow regimes are generated by the interplay between
climatic and landscape heterogeneity.
This paper addresses two ambitious goals: (i) estimating seasonal streamow duration curves
at any arbitrary point along a river network based only on climate and landscape data; (ii)
identifying spatial patterns of the underlying climatic and geomorphic drivers. A modeling
method for prediction of ow duration curves, in the absence of discharge data, was recently
proposed by Doulatyari et al., [2015]. In this study we extend this method to provide point-wise
estimates of ow regimes along the river network through customized geo-database and Web
GIS platform that is capable of storing and analyzing data as well as model application. We
believe this represents a novel and important development, particularly for assessment of spatial
variability of water resources within complex river systems and the evaluation of catchment-scale
impact of river regulation [Lazarro et al., 2015]. The modeling method was tested on the Thur
basin, located in Northeastern Switzerland. The Thur river is a highly monitored river, which is
very well suited to analyze spatial patterns of ow regimes because of the availability of discharge
data in a set of six nested discharge station spanning a wide range of contributing areas (from
16 to 1700 km2).
This paper is organized as follows: section 2 presents the essential details about the study
area. Section 3 summarizes the hydro-climatic data used in this study and the appropriate
sources. The architecture of the geo-database and Web GIS platform and a brief description of
the software used are also included here. Section 4 outlines the modeling approach as well as the
theoretical framework used for estimating the four main model parameter. Results are presented
in section 5. These include the validation of the model at six outlets (where discharge data
were available), spatial patterns of model parameters and ow regimes, and scaling of recession
parameters. Section 6 provides the overall conclusions and implication of this novel modeling
method.
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3.2 Study Area
The Thur river, a tributary of the Rhine river, has a length of approximately 130 km and is
located in Northeast Switzerland (Figure 3.1). The Thur basin has an area of roughly 1700 km2
and can be divided into two main morphologic regions: the upper pre-alpine section with the
maximum altitude of 2500 m:a:s:l: at Mount Santis; and the Swiss plateau with altitudes of
approximately 350 m:a:s:l: in the lower catchment. The Thur valley aquifer, an important
aquifer of Northeastern Switzerland, is located in the lowlands. The geology in the catchment
consists of mainly limestone-dominated alpine headwaters, and Molasse sandstones, marls and
Pleistocene unconsolidated sediments in the Swiss plateau [Hayashi et al., 2012]. Precipitation
ranges from 2500 mm=year in the pre-alpine region to approximately 900  1000 mm=year [Seiz
and Foppa, 2007] in the Swiss Plateau. Land use in the Thur basin is distributed as roughly 60%
Agriculture, 30% Forest, and the rest barren land, surface waters, and urban areas [Abbaspour
et al., 2007; Schneider et al., 2011].
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Fig. 3.1: (a) The digital elevation map of the Thur basin. The main morphological sections of the basin,
the pre-alpine (to the south) and the Swiss plateau (to the north), are easily distinguished. (b)
The Thur basin is divided into six sub-catchments. The corresponding gauging stations as well
as 19 rainfall stations are marked on the map.
The hydrological regime of the Thur river has pre-alpine characteristics. The annual mean
discharge is 53 m2=s and discharge uctuates rapidly in the entire course of the river, especially
after heavy rainfalls in the upper catchment [Cirpka et al., 2007]. The absence of lakes or other
reservoirs along the Thur river is also noted. Long sections of the Thur were straightened and
channelized in the 1890s in response to frequent ooding by the then meandering Thur river
[Kurth & Schirmer, 2014]. However, ooding persisted and thus by the end of the 1980s rst
stretches of the river were restored as a ood protection measure. The restoration also aimed
to provide recreational space and to improve the ecological condition of both the river and the
oodplain [Woolsey et al., 2007]. The eects of snow dynamics have been observed to be relevant
in the headwaters catchment [Seneviratne et al., 2012].
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There are 19 evenly distributed rainfall stations as well as six discharge station in the Thur
basin, spanning a whole range of contributing areas (Table 3.1, Figure 3.1). The discharge
station Andelngen represents the outlet for the entire basin. Suitable subsets of these discharge
stations that represent a sequence of mutually nested sub-catchments (e.g. Jonschwil, Halden,
Andelngen) can be identied and therefore can be used to analyze the scaling of hydrological
properties. A list of all rainfall stations within the boundaries of the Thur catchment is present
in the Table S3.1.
Catchment and
Discharge Station ID
Tributary ID Area [km2] X Y
Andelngen Thur 1700 693510 272500
Appenzell Sitter 74 749040 244220
Halden Thur 1085 733560 263180
Herisau Glat 17 737270 251290
Jonschwil Thur 493 723675 252720
Wangi Murg 80 714105 261720
Tab. 3.1: List of all sub-catchments in the Thur basin. Station Andelngen represents the outlet for the
entire basin. The discharge station location is mentioned in the CH1903 (LV03) coordinate
system.
3.3 Input Data: Sources and Management
Input data required by the model include potential evapotranspiration (PET), digital elevation
map (DEM), and daily rainfall data. PET data were acquired from `MODIS global evapotranspi-
ration Project' (MOD16), available from the Montana University (http://www.ntsg.umt.edu),
which includes a dataset providing PET at 1 km2 resolution for 109 Million km2 global veg-
etated land areas at 8-day, monthly and annual time resolution. The river network was es-
timated based on 25 m DEM obtained from the Federal Oce of Topography, Switzerland
(http://www.swisstopo.admin.ch/). Daily rainfall data at 19 rainfall stations throughout the
Thur catchment were obtained from the Federal Oce of Meteorology and Climatology, Switzer-
land (http://www.meteoswiss.admin.ch/). Long-term streamow data were used to validate
the results of the model in a set of outlets within the Thur river. Daily discharge data were pro-
vided by the Federal Oce for the Environment, Switzerland (http://www.bafu.admin.ch/).
All hydro-climatic data were obtained for the period of 1979 to 2012.
A geo-database with integrated automatic hydrological model simulations was created for
the Thur basin. The hydrological and meteorological data mentioned above, and all rainfall
and discharge stations throughout the catchment were incorporated. Other publicly available
supplementary information, such as roads and aerial maps, were also included. The database
oers a multi-user capable platform with a custom Web-GIS graphical user interface (GUI). The
GUI allows for easy management and uploading of input data through various tools, functions
and query capabilities. The various methods utilized for model parametrization (discussed in
section 4) are incorporated in linked modules that allow for automatic analysis of the input data.
Figure 3.2 presents the overall structure of the database and Web-GIS platform (see Table
S3.2 for more details). The database utilizes PostgreSQL for storing and retrieving data, and
PostGIS for interactions with geospatial data. All data was gathered and then standardized for
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format and units. Particular attention was required for identication and uniform treatment of
datasets where no data was available in the time series in order to prevent inconsistencies. The
application server is charged with data management and analysis. GeoServer acts as a middle
layer between the database and the GUI. It also allows for central management and publishing of
all data in dierent standard formats dened by Open Geospatial Consortium. The type of data
(input or output) displayed in the GUI, coordinate reference system denition and re-projection,
styling and labeling, and basic metadata information are also managed here. GeoWebCache
is used to cache maps, from all publicly available data sources incorporated here, in order to
accelerate and optimize map image delivery. Grass-GIS is used as a back-end web processing
service to create functions for the various parameterization methods and integrate them in the
overall framework. Since the Thur basin spans approximately 9 million pixels, functions were
coded in a parallelized method to exploit multi-core CPU capabilities and to permit background
execution. A PHP Rapid Application Development framework and GeoEXT were utilized in
the implementation of Web-GIS platforms. All online published graphs were created on the y
through Dygraphs JavaScript charting library.
The development of the database and Web-GIS platform was a signicant undertaking that
incorporates many innovative techniques. The nished product oers a user friendly interface that
emphasizes data visualization and intractability. Furthermore, it allows for online visualization of
all data (input or output) as well as the option for exporting the data in appropriate le formats.
Multiple streamow model simulations with dierent parameterization can be run simultaneously
and results are stored with unique identiers. Other processes driven by streamow dynamics
and aected by its spatial variability (such as sediment transport, vegetation dynamics, solute
transport) could be potentially incorporated as separate modules.
3.4 Methods
The seasonal PDF of daily streamows are predicted by an analytical mechanistic model, where
the catchment-scale soil water balance is driven by stochastic rainfall and is modeled at daily
timescale [Botter et al., 2007a]. The catchment-scale storage-discharge relationship is considered
to be non-linear and modeled as power law. The steady-state PDF of daily specic (by unit
catchment area) streamows (Q) is expressed as [Botter et al., 2009]:
p(Q) / Q a exp

  Q
2 a
K(2  a) +
Q1 a
K(1  a)

(3.1)
The above mentioned streamow model is characterized by four physically based parameters:
 and  represent, respectively, the average frequency and depth of rainfall, whileK and a are the
coecient and exponent of the non-linear relation that denes ow recession. These parameters
incorporate the various hydrologic, climatic and geomorphologic features of the catchment and
have been estimated on seasonal basis. For detailed theoretical background and application of
this model, the reader is directed to Botter et al. [2009], Basso et al. [2015], and Doulatyari et
al. [2015]. The ow duration curve is expressed by the cumulative distribution function of Q and
can therefore be calculated by integrating equation (3.1), with closed-form analytical expressions
available only for special cases (e.g. a 2 N).
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Fig. 3.2: Structure of the geo-database and Web GIS platform. The platform is built mainly from open
source software.
Figure 3.3 outlines the overall modeling approach and the procedure used for estimating each
parameter. In this section we discuss each module and elaborate on the modeling methods used.
Hereon after, a \point" refers to a pixel along the river network.
In module (i), daily rainfall data (recorded at 19 climatic stations within the boundaries of
the Thur basin) was interpolated and summed to create daily rainfall elds and estimate spa-
tially distributed catchment scale rainfall statistics for individual seasons. The Inverse Distance
Weighting (IDW) method, a built-in tool in the GRASS-GIS application, was adopted as the
interpolation method with power parameter equal to 2 and using 12 nearest rainfall stations
per interpolating point. This choice was made based on performance, computation time, and
availability of the method as a free tool that can be easily incorporated in the data management
system. Other methods can be chosen and implemented as per case study requirements or indi-
vidual preference. However a detailed comparative study and bench marking is beyond the scope
of this paper.
The frequency of rainfall events, p was calculated for each point as the relative number
of days in which the average rainfall in the upstream contributing area is larger than a given
threshold (1 mm in this study). To this aim, the daily rainfall data were analyzed and for each
day a raster of 0 or 1 values was created based on the rainfall eld in the contributing area. If
the upstream averaged rainfall was greater than the threshold then the value at that point was
set to 1, otherwise it was 0 (i.e. it is not raining in the upstream area). For each point, the
binary variable is then averaged over the number of days in the record to create seasonal rasters
of p. Moreover, the aforementioned rainfall elds were averaged over the number of time steps
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Fig. 3.3: Overall work-ow of the modeling approach. The four main model parameters are estimated at
every point (i.e. every pixel along the river network).
and over the upstream contribution area of each point, to create seasonal cumulative rainfall
elds (hP i). Mean rainfall depth  was estimated point-wise as a ratio between the cumulative
rainfall and frequency ( = hP i =p). The observed values of  at the subcatchment outlets were
calculated by averaging the daily rainfall values from all station in the contributing area for each
outlet.
In module (ii), estimation of ET, MODIS seasonal PET rasters were cropped, re-sampled and
geo-referenced according to DEM pixel dimension. Seasonal rasters of ET were created (using
the Penman-Monteith method) and were averaged over the basin upstream for each point using
GRASS-GIS tools.
Based on the streamow model (Equation 3.1), the long-term mean of rainfall is expressed
as hP i =  p, and the specic discharge can be expressed as hQi =  . The average seasonal
runo coecient (the ratio of mean discharge to mean precipitation) is dened as  = hQi = hP i.
Hence, by combining the above equations, the frequency of eective rainfall events (rainfall
events leading to discharge production)  can be calculated as  =  p. The average seasonal
runo coecient is estimated at every point by means of calibrated water balance models using
precipitation statistics and ET data in the upstream contributing area. In module (iii), we use the
physically-based analytical stochastic model of soil moisture dynamics presented by Porporato et
al. [2004]. The mean runo coecient is written as:
 =
DI

DI e 
  (=DI ; )
(3.2)
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where  (; ) is the lower incomplete Gamma function, andDI = hPET i = hP i is the Budyko's dry-
ness index, calculated from climatic data;  represents the maximum soil water storage available
to plants, normalized to the mean rainfall depth  = (s1 sw)nZ (s1 is a proxy for eld capacity,
sw is the wilting point, n is porosity). The rooting depth Z (assumed to be constant throughout
the basin) was calibrated using observed mean discharge at the six outlets. It is important to
note that Z represents the only calibrated parameter in the entire modeling method.
The a and K parameters were estimated based on analysis of the catchment DEM and the
geomorphological recession ow model (GRFM) proposed by Biswal and Marani [2010]. This
model stipulates that uctuations of streamows in time are linked to direct drainage into the ac-
tive drainage network (ADN). Therefore, the recession equation dQ=dt = K Qa can be rewritten
as [Biswal and Marani, 2014]:
N(l)
A
/

G(l)
A
a
(3.3)
where G is the length of the active drainage, N(l) = dG(l)=dl is the number of links in the network
at a distance l from the outlet, q is the ow generation rate per unit ADN length (constant), and
A the catchment area. Based on this formulation, the recession exponent a is estimated through
a least square regression relation between G(l) vs. N(l), which is in turned derived from the
analysis of the DEM. The Thur basin DEM was analyzed by Grass-GIS tools in order to create
the ow direction and ow accumulation rasters. The stream network was then extracted from
the ow direction raster using a ow accumulation threshold of 0:09 km2, in module (iv).
The recession coecient K (module (v)) is estimated as a function of mean discharge ()
and the recession exponent a such that [Doulatyari et al., 2015]:
K = ()1 a (3.4)
where  is a constant dependent on the speed at which the ADN contracts towards the outlet.
The value of  was empirically found to be relatively constant throughout the seasons across the
Thur basin. Hence, it was assumed to be equal to 0:2 d 1 in this study.
It is important to note that, according to the modeling method chosen, the patterns of ow
regime along the river network emerge directly as a result of the aggregation of spatial hetero-
geneity of climate properties along the ow directions (driven by network topology itself), and
are not dependent on external calibration procedures.
3.5 Results and Discussion
3.5.1 Model performance
The agreement between modeled and observed PDFs and CDFs was assessed through visual
inspection. This was further quantied by comparing modeled and observed moments of the
PDF, and by computing half the integral dierence between the analytical and observed ow
PDFs [Botter et al., 2013]. The accuracy of the model estimates for the parameters and selected
ow statistics was also analyzed through the Mean Squared Relative Error (MSRE).
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Subcatchment
Name
Season
Model Estimates Observed
[cm] [ 1
d
] K[ cm
(1 a)
d(2 a) ] a[ ] [cm] [
1
d
] K[ cm
(1 a)
d(2 a) ] a[ ]
Andelngen Spring 0.54 0.48 1.35 2.41 0.56 0.54 1.02 2.53
Summer 0.74 0.33 1.46 2.41 0.75 0.33 1.31 2.20
Autumn 0.63 0.30 2.02 2.41 0.60 0.32 2.24 2.42
Winter 0.50 0.46 1.60 2.41 0.50 0.45 1.11 2.30
Appenzell Spring 0.88 0.46 0.60 2.29 0.86 0.58 0.49 2.03
Summer 1.17 0.37 0.55 2.29 1.14 0.46 0.78 2.20
Autumn 1.06 0.31 0.77 2.29 1.02 0.32 1.26 2.31
Winter 0.94 0.42 0.61 2.29 0.92 0.28 0.78 2.00
Halden Spring 0.64 0.48 0.78 2.22 0.62 0.60 0.53 2.17
Summer 0.88 0.36 0.75 2.22 0.85 0.39 1.00 2.16
Autumn 0.76 0.32 1.05 2.22 0.71 0.34 1.44 2.23
Winter 0.60 0.45 0.90 2.22 0.58 0.43 0.96 2.17
Herisau Spring 0.71 0.39 0.28 1.56 0.72 0.47 0.32 1.33
Summer 1.01 0.30 0.27 1.56 1.03 0.32 0.49 1.53
Autumn 0.81 0.25 0.34 1.56 0.74 0.34 0.34 1.20
Winter 0.58 0.36 0.33 1.56 0.55 0.51 0.55 1.70
Jonschwil Spring 0.72 0.48 0.91 2.42 0.78 0.61 0.46 2.24
Summer 0.98 0.37 0.85 2.42 1.07 0.37 0.78 2.09
Autumn 0.86 0.32 1.22 2.42 0.90 0.31 1.08 2.09
Winter 0.72 0.45 0.99 2.42 0.76 0.37 0.87 2.14
Wangi Spring 0.62 0.37 0.70 1.98 0.66 0.35 1.26 2.54
Summer 0.78 0.24 0.84 1.98 0.86 0.19 1.84 2.46
Autumn 0.73 0.23 0.95 1.98 0.67 0.24 2.42 2.60
Winter 0.59 0.36 0.76 1.98 0.59 0.41 1.00 2.42
Tab. 3.2: Estimated seasonal values of model parameters at all sub-catchments in the Thur Basin. Here,
Observed refers to values calculated from observed discharge and averaging of observed rainfall
time series. The Model columns refer to values estimated by the method outlined in section 4.
The seasonal values of , , a and K, estimated using only climate and landscape data
(columns under Model Estimates heading), as well as their observed values (columns under
Observed heading), based on discharge data, are presented in Table 3.2. The estimated values
of  are in very good agreement with the observed values at all points (MSRE = 0:003). The
estimates of  also show good performance in almost all cases (MSRE = 0:032). The largest
discrepancies occur in Appenzell and generally during the winter season. Appenzell is located
in the highest elevations in the basin where snow accumulation and melting (which are not
explicitly considered in the model formulation) may impact the seasonal water balance. The
over estimated value of  during winter (accumulation) and under estimation during the spring
and summer (melting) also point in this direction. The estimates of a, despite being independent
of the season, show very good performance across the basin (MSRE = 0:017). The gently
sloping topography (in most sub-catchments) of the Thur basin potentially contributes to the
good performance of the GRFM in estimating the recession exponent. The model estimates of K
on the other hand show variable performances across the dierent sub-catchments and seasons
(MSRE = 0:137). This could be potentially a result of the contrast between the underlying
assumptions of GRFM with regards to the amount of water drained from the subsurface and the
setting of the Thur basin, where groundwater dynamics may signicantly impact recessions.
Figure 3.4 presents the observed (bars) and modeled (solid line) seasonal streamow PDFs
at Andelngen and Appenzell outlets. The shape of the observed probability distribution is well
captured by the model. Both sub-catchments demonstrate hump-shaped PDFs across all seasons
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which is consistent with geographical location and climate of the Thur basin. The associated
observed (circles) and modeled (solid line) CDFs are presented in the insets of Figure 3.4. In
order to better represent the behavior of the curves for large streamows the results are shown
in the logarithmic scale. Apart from a small downward shift in the modeled winter CDFs as
compared to the observed distributions, the shape of the CDF is well represented by the model.
Figure 3.5 shows the observed and modeled PDFs, and their associated CDF, for the sum-
mer season at the remaining four outlets (Halden, Herisau, Jonschwil, Wangi). Similar to the
previous gure, all sub-catchments demonstrate a hump-shaped streamow PDF. The model
reasonably captures the shape of the streamow PDFs and CDFs in all cases. However a slight
underestimation of the small and intermediate discharge events is noted.
The ability of the model to reproduce observed ow statistics was tested by comparing the
observed and modeled moments of the analytical PDF (calculated through numerical integration
of Equation 3.1). Figure 3.6 shows the modeled seasonal mean discharge hQi and coecient of
variation of daily ows CVQ at all sub-catchments plotted against the corresponding observed
values. The model estimations of mean discharge are in good agreement with the corresponding
observed values.
It is noteworthy to mention that the analytical formulation for variance of Q is divergent in
case where a > 2. In order to overcome this issue the upper limit of integration was set equal
to the maximum observed specic discharge [Lague et al., 2005]. While the underlying physical
causes of this phenomenon requires further study, this method provided the most reasonable
approach for network-scale studies of this type, where CVQ is calculated for a very large number
of sites. The eect of the divergence of the variance of p(Q) on the variability of sample CVQ is
explored in the supplametntry information. The plot for CVQ shows some scattering, but over
all model performance if judged satisfactory considering that no parameter has been calibrated
using the observed discharge variability.
3.5.2 Spatial patterns of model parameters
Figures 3.7 and 3.8 present the spatial patterns of  and  across the basin for all seasons,
respectively. The pre-alpine section of the basin receives larger amount of rainfall throughout
the year as compared to the Swiss plateau. The rainfall events are less frequent but more intense
during the summer, and the opposite is true for the winter season. The seasonal pattern of  is
very well correlated with that of . The spatial pattern of  in the main channel shows a weak
increase from the headwaters to the basin outlet, which can be attributed to localized storms
that involve only a fraction of the overall contributing area. Conversely, the value of  in the
rst-order streams of the Swiss plateau is markedly smaller than that of all other streams with
similar size because of the reduced amount of rainfall in this region.
Figures 3.9 and 3.10 display the spatial distribution of a and K across the river network.
Note that, as per GRFM assumptions, the value of a is presumed to be constant across the
seasons. The value of a is larger in the main channel as compared to the smaller tributaries,
and an increasing trend towards the sub-catchment outlets is apparent within individual reaches.
Furthermore, a shift in value after the merging of major tributaries is noticeable. These patterns
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Fig. 3.4: Observed (bars) and modeled (solid lines) PDFs for all seasons at Andelngen (a-d) and Appen-
zell (e-h) subcatchment outlets. The insets show the associated observed (circles) and modeled
(solid line) CDFs for each plot on a loglog scale. The integral dierence between modeled and
observed PDFs is equal to (a) 0.166, (b) 0.254, (c) 0.309, (d) 0.303, (e) 0.210, (f) 0.260, (g) 0.294,
and (h) 0.534.
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Fig. 3.5: Observed (bars) and modeled (solid lines) PDFs for summer season at (a) Halden, (b) Herisau,
(c) Jonschwil, and (d) Wangi. The associated CDF plots (insets) are on a loglog scale. The
integral dierence between modeled and observed PDFs is equal to (a) 0.278, (b) 0.238, (c)
0.259, and (d) 0.278.
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Fig. 3.6: Observed vs. modeled (a) hQi (MSRE = 0:030) and (b) CVQ (MSRE = 0:049) for all seasons
and sub-catchments in the Thur basin. The dashed line represents the 45 degree line (perfect
t).
point to an overall increase in non-linearity in the main channel moving towards the basin outlet.
This could be a by-product of increasing heterogeneity in the hydrologic response of the dierent
sub-catchments that contribute to the streamows at the outlet of larger basins [Harman et al.,
2009b]. K shows an increasing trend from the headwaters towards the basin outlet across the
seasons. This is a possible byproduct of the negative correlation between a and K. The map
highlights that the values of K are larger in autumn, which is the driest season of the year. In
fact, K is inversely proportional to the catchment wetness (see Equation 3.4).
The spatial variability of ow regimes is the by product of the network-scale variability of
these four parameters, which is discussed in the next section.
3.5.3 Spatial patterns of ow regimes
Seasonal multi-band rasters (composed of all the model parameters) were used to estimate stream-
ow distributions and ow statistics for every point along the river network. Figures 3.11 and
3.12 present the spatial pattern of hQi and CVQ across the basin for each season. The spatial
patterns of hQi show a decreasing trend from the pre-alpine section towards the plateau, while
the seasonal patterns mirror the seasonality of the climate. This points to the climatic gradient
being the main driver. Figure 3.12 shows a complex pattern of CVQ from upstream to down-
stream which is the result of two contrasting eects: (i) the increase of a with increasing size
of contribution area, which leads to enhanced variability of Q in larger catchments; and (ii) the
increase of  and decrease of  with increase in size of the contributing area, which instead tends
to reduce the ow variability in larger catchments. Overall the range of CVQ along the network
is quite narrow, particularly in the main channel of the Thur river. The summer and autumn
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Fig. 3.7: Spatial patterns of  across the Thur basin during all seasons.
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Fig. 3.9: Spatial patterns of a across the Thur basin during all seasons.
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Fig. 3.10: Spatial patterns of K across the Thur basin during all seasons.
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Fig. 3.11: Spatial patterns of specic discharge (hQi) across the Thur basin during all seasons.
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Fig. 3.12: Map shows the distribution of CVQ throughout the Thur basin during all seasons.
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Fig. 3.13: The pattern of ow regime along the main channel of the Thur river (from headwaters in
Jonschwill to the catchment outlet in Andelngen) depicted through the model estimated PDFs
and CDFs of streamows. The CDF plot is in a loglog scale.
seasons display larger values of CVQ overall. These model outcomes point to larger variability of
discharge in seasons with smaller frequency of events and larger rainfall intensity.
The pattern of streamow regime along the river network is highlighted in Figure 3.13. 12
model estimated PDFs and CDFs of specic discharge (by catchment area) for the autumn season
along the main channel of the Thur river, as well as the sample location along the network, are
depicted here. Congruous to previous results, the spatial patterns of the hydro-climatic drivers
( and ), lead to a decreasing trend of mean specic discharge and an increase of the PDF
mode, from the headwaters towards the basin outlet. The joining of major tributaries along the
channel can modulate the extent and the speed at which these changes occur. In agreement
with observed data, a shift in the tail of the PDF from exponential (in the upstream location)
to power-law (downstream) is noticeable on the CDF plot. This is in line with Basso et al.
[2015], who have linked the emergence of heavy-tails to enhanced non-linearity of the catchment
hydrologic response (regardless the underlying hydro-climatic regime), especially in cases where
the recession exponent a is larger than 2. Hence, in this basin the range of variability of streamow
is not reduced with increasing contributing area, with implication to ooding potential in the
lower regions of the Thur river.
3.5.4 Scaling of recession parameters
The results presented in the previous section show that the Thur catchment depicts pronounced
inter-seasonal and spatial patterns in the climatic and recession drivers. While the climatic
parameters show a strong seasonal pattern that seems to dominate the streamow dynamics,
the role of the recession parameters is more nuanced. This is particularly true in the cases
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Fig. 3.14: Observed values of the (a) recession exponent a and (b) coecient K with respect to the
contributing area for a set of nested sub-catchments in the Thur basin. Each point represents
the averaged annual value for the sub-catchments.
where (as in this study) the catchment response shows pronounced non-linearity. The scaling
of the recession parameters with respect to contributing area is an interesting question which
would help the prediction of ow regimes through the extrapolation of discharge time series
recorded in catchments featured by much smaller (or larger) contributing areas. While empirical
power law relations have been proposed in the literature to link hydrograph's properties to
catchment size, experimental data seems to show contradicting results. From this perspective,
the available discharge data from the Thur basin and modeling exercise performed here oer a
unique opportunity to investigate emerging scaling laws.
Figure 3.14 presents the observed values of the recession exponent a and coecient K versus
the ow accumulation area for the set of nested sub-catchments: Jonschwil, Halden, and An-
delngen (see Figure 3.1b). These sub-catchments represent the contribution areas containing
the main channel of the Thur river. Note that, the observed points have been derived from ob-
served seasonal recessions and represent the average annual values for each subcatchment. The
results show an increasing pattern for both parameters, which highlights the observed increase
in non-linearity in catchment response with increasing contribution area. This is in agreement
with the ndings of Harman et al. [2009b], who related the increasing degree of non-linearity
to heterogeneity of hydrologic response among dierent landscape units. This may also be the
case for the Thur river, where strong spatial climatic gradients possibly enhance the internal
heterogeneity of the hydrograph timescale.
The model estimated values of a and K for every point along the river network are plotted
against ow accumulation area in Figure 3.15 and Figure 3.16, respectively. In order to better
focus on the scaling patterns of recession parameters in the nested set of catchments considered,
points corresponding to small contributing areas (< 50 km2), which are present throughout the
basin, have been omitted from the gures. The gures are organized with the largest subcatch-
ment on top to the smallest at the bottom.
In both cases, the large heterogeneity of data present in the smaller contributing areas is
sharply reduced with increasing size. The discontinuities in the modeled points, and the corre-
sponding \jumps" in model estimates of a and K, occur where dierent tributaries merge and is
consistent between the scaling patterns of both parameters. After each drop, the value increases
again along single river reaches. This is because of the network becoming more elongated with
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Fig. 3.15: Model estimates of the recession exponent a versus the contributing area for a set of nested
sub-catchments (a) Andelngen, (b) Halden, and (c) Jonschwil.
increasing contributing area, which increases the non-linearity in the relationship between N and
G in (3.3). However, the slope of increase is reduced with increasing size. Overall, with increasing
size there is a non-homogenous increasing pattern in the degree of non-linearity of the system,
in agreement with observed data.
3.6 Conclusion
In this study a modeling method for estimating ow duration curves, in the absence of discharge
data, was used to estimate streamow distributions point-wise along the river network in the
Thur basin, located in northeastern Switzerland. The model proved capable of capturing, in
a satisfactory manner, the seasonal dynamics of streamows observed at six gauging stations
after calibration of a single parameter pertaining to the water balance component of the model.
The model was able to reproduce observed streamow statistics (hQi and CVQ) reasonably well
at these six stations. The strong seasonal patterns of the climatic parameters proved to be
the dominant driver of streamow dynamics. The spatial patterns of model parameters further
highlighted the importance of the climatic drivers in determining the behavior of the ow regime
along the river network. More frequent but much less intense events in the Swiss plateau lead to a
decreasing trend of specic discharge with increasing contributing area. The seasonal variability
of the streamows showed a complex pattern which is inuenced by climatic gradients and the
increasing degree of non-linearity of the hydrologic response observed at larger spatial scales.
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Fig. 3.16: Average annual model estimates of the recession coecient K versus the contributing area for
a set of nested sub-catchments (a) Andelngen, (b) Halden, and (c) Jonschwil.
The increasing non-linearity in the catchment response with contribution area is possibly a by-
product of the increasing heterogeneity of soil use and climate at larger scales, and generates
power law tails in the streamow distribution.
The data management and modeling approach presented here provide a valuable method to
estimate long-term patterns of the ow regimes and predict streamow statistics at any arbitrary
point along the river network of a given basin with limited data requirements. This is a big
step forward particularly for studying ecohydrological processes that require a spatially explicit
representation of streamow properties. The geo-database and Web GIS platform, encompassing
the modeling approach, can be applied as a complete package to dierent catchments provided
that the minimal data requirements are satised. The modular design employed in this platform
allows for versatility in the type and number of methods used for estimating model parameters.
It also provides the ability to consider multiple scenarios using dierent sets of data. Other
processes driven by streamows (such as sediment transport, habitat dynamics, chemical uxes,
etc.) might be incorporated in the future. Moreover, the approach can be used to assess the
eect of changing climatic condition on the ow regime of a catchment, and the impacts of
anthropogenic regulation on natural streamow conditions. This study is the rst step towards
the development of a framework for comprehensibly describing catchment-scale ecohydrological
processes using simple physically-based analytical models that do not require intensive calibration
and computational burden.
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3.7 Supplementary Information
3.7.1 Rainfall Stations
Name X Y
Min annual
value [cm]
Max annual
value [cm]
Mean annual
average
Mean annual
cumulative sum
Aeltrangen 719069 265660 0 9.37 0.27 99.02
Andelngen 693809 273070 0 12.15 0.24 87.93
Appenzell 747734 244475 0 13.40 0.45 163.04
Bischofszell 735324 262285 0 10.91 0.28 102.42
Eeschlikon 715694 256830 0 10.27 0.34 125.00
Flawil 733139 252930 0 14.30 0.34 124.71
Frauenfeld 709479 270170 0 12.86 0.29 104.15
Herisau 737729 250830 0 11.75 0.38 138.97
Illhart 720328 275760 0 12.26 0.27 99.11
Kalchrain 709058 274350 0 14.32 0.27 97.35
Niederneunforn 700859 272510 0 11.26 0.24 87.42
Ricken 721599 236075 0 15.21 0.50 181.81
Santis 744100 234900 0 18.67 0.70 245.01
Starkenbach 737699 227600 0 15.40 0.52 188.34
Stpeterzell 731249 242140 0 13.68 0.44 160.91
Sulgen 731024 267175 0 9.60 0.28 101.99
Teufen 747809 250410 0 13.45 0.42 151.88
Urnasch 738679 241230 0 12.00 0.48 175.49
Weinfelden 725424 268935 0 11.74 0.26 96.44
Tab. S3.1: List of all rainfall gauging stations and their location in the CH1903 (LV03) coordinate system.
3.7.2 Database Architecture
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3.7.3 Variability of sample CVQ for distributions with innite variance
In section 5 we discussed the divergence of the analytical formulation of variance based on
Equation 3.1. The coecient of variation of daily streamows CVQ is an important indicator for
the behavior of the ow regimes. Hence, the impact of this divergence on variability of sample
CVQ was further explored through a Monte Carlo method. For each season at each of the six
sub-catchment outlet a 40 year randomized synthetic time series of discharge was created based
on observed values of the four main model parameters (, , a, K). This was repeated 100 times
and streamow statistics were then calculated at each outlet. The moments of the analytical
PDF were calculated through numerical integration (3.1) and results were averaged. Figure S3.1
depicts the variability of estimated seasonal CVQ at each outlet by means of box-plots . The
observed value of CVQ (blue line) is also shown. In most cases, the observed value of CVQ
fall within the predicted range of variability produced by the model. The poor performance of
Herisau, while noticeable, is expected. The analytical formulation of variance in this case is in
fact convergent, since the value of the recession coecient a is less than 2. This can instead be
attributed to a poor representation of the recession dynamics at low ow conditions and very
high ows for this sub-catchment. Furthermore, the results in the winter are generally less robust
than the other seasons which is associated with the lower performance of the water balance model
in this season.
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Fig. S3.1: The box plots show the 25%, 50% and 75% quartiles as well as the entire range of observed
values across the seasons for all six sub-catchments. The blue lines represent the value of CVQ
calculated based on the observed discharge time series.
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4. RIVER FLOW REGIMES AND VEGETATION DYNAMICS ALONG A RIVER
TRANSECT
Doulatyari, B.12, S. Basso12, M. Schirmer12, G. Botter3 (2014), River ow regimes and
vegetation dynamics along a river transect, Adv. Water. Res., 73, 30-43, doi:
10.1016/j.advwatres.2014.06.015.
Abstract
Ecohydrological processes occurring within uvial landscapes are strongly aected by natural
streamow variability. In this work the patterns of vegetation biomass in two rivers characterized
by contrasting ow regimes were investigated by means of a comprehensive stochastic model
which explicitly couples catchment-scale hydroclimatic processes, morphologic attributes of the
river transect and in-stream bio-ecological features. The hydrologic forcing is characterized by the
probability distribution (PDF) of streamows and stages resulting from stochastic precipitation
dynamics, rainfall-runo transformation and reach scale morphologic attributes. The model
proved able to reproduce the observed PDF of river ows and stages, as well as the pattern
of exposure/inundation along the river transect in both regimes. Our results suggest that in
persistent regimes characterized by reduced streamow variability, mean vegetation biomass is
chiey controlled by the pattern of groundwater availability along the transect, leading to a
marked transition between aquatic and terrestrial environments. Conversely, erratic regimes
ensure wider aquatic-terrestrial zones in which optimal elevation ranges for species with dierent
sensitivity to ooding and access to groundwater are separated. Patterns of mean biomass
in erratic regimes were found to be more sensitive to changes in the underlying hydroclimatic
conditions, notwithstanding the reduced responsiveness of the corresponding ow regimes. The
framework developed highlights the important role played by streamow regimes in shaping
riverine environments, and may eventually contribute to identifying the inuence of landscape,
climate and morphologic features on in-stream ecological dynamics.
4.1 Introduction
Natural streamow variability is currently recognized as a major driver for most processes occur-
ring in uvial landscapes. The whole range of streamows, their temporal uctuations and their
1 EAWAG Swiss Federal Institute of Aquatic Science and Technology, Department of Water Resources and
Drinking Water, Duebendorf, Switzerland.
2 University of Neucha^tel, The Centre of Hydrogeology and Geothermics (CHYN), Neucha^tel, Switzerland.
3 University of Padova, Department ICEA and International Center for Hydrology \Dino Tonini", Padua, Italy.
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interactions with groundwater contribute to the determination of form and functioning of riverine
ecosystems [Po et al., 1997; Lytle and Po, 2004; Schneider et al., 2011]. The study of inter-
connections among hydrological and biological dynamics has gained importance in recent years
[e.g. Laio et al., 2001a; Porporato et al., 2001; Rodriguez-Iturbe et al., 2001; Guswa, 2005; 2008;
Rodriguez-Iturbe et al., 2009; Thompson and Katul, 2012] because of the increasing awareness
of the interconnected role of these processes in preserving and restoring healthy environments
necessary for the provision of humanly valued ecosystem services.
In uvial environments, one important focus is on the riparian vegetation dynamics at the
reach scale. Streamow variability plays a crucial role in the dynamics of riparian plant commu-
nities and the associated ecological processes [Auble et al., 1994; Tockner et al., 2000; Nilsson and
Svedmark, 2002]. In particular, ooding and groundwater availability are key controls in riparian
vegetation dynamics [Hupp and Osterkamp, 1985; Bradley and Smith, 1986; Mahoney and Rood,
1998; Bendix and Hupp, 2000; Lite et al., 2005; Perona et al., 2009a]. The state of ooding is
characterized as the duration of time when a point along the river transect is inundated by the
stream. Flooding can aect riparian vegetation both in a positive (providing nutrients, moisture
and seeds) and a negative (uprooting, sediment removal, anoxia, and burial) manner (for more
details on the impact of ooding on vegetation see Yanosky [1982]; Kozlowski [1984]; Osterkamp
and Costa [1987]; Hupp [1988]; Naiman and Decamps [1997]; Friedman and Auble [1999]; Naum-
burg et al. [2005]). However, the detrimental impacts of ooding are more severe and typically
outweigh potential benecial eects. In contrast, when the point is exposed, vegetation (in par-
ticular phreatophyte species) can grow by accessing groundwater which uctuates in correlation
with streamows. Therefore, the dynamics of riparian vegetation along a river transect is closely
connected to the stochasticity of streamows, which is in turn controlled by landscape, climate
and morphologic features of the river and the contributing catchment.
The temporal variability of streamows is typically described by means of the probability den-
sity function (PDF) of daily discharges, or the related ow duration curve [Searcy, 1959; Vogel
and Fennessey, 1994; Castellarin et al., 2007; Doyle et al., 2005]. The prediction and characteri-
zation of streamow distributions has been the goal of a large number of hydrologic studies which
are based on statistical methods or process-based (numerical and analytical) models [Vogel and
Fennessey, 1994; Yokoo and Sivapalan, 2011]. Recently, a stochastic analytical framework for
linking the features of the streamow distribution to climate and landscape attributes has been
proposed [Botter et al., 2007a; 2008; 2009]. This framework allows for a quantitative distinction
between two dierent types of ow regimes (termed persistent and erratic), based on the ratio
between mean inter-arrival of ow-producing rainfall events and the mean catchment response
time [Botter et al., 2013]. Persistent regimes are characterized by a small range of streamows
(reduced variability), while erratic regimes are characterized by a wider range of streamows
(enhanced variability) that results from the alternation between intense oods and prolonged
droughts.
The impact of the stochastic uctuations of streamow on the dynamics of riparian vegetation
has been previously explored. Camporeale and Ridol [2006] presented the most comprehensive
process-based stochastic model of riparian vegetation dynamics and investigated the role of ow
variability in vegetation distribution along a riparian transect through modeling the hydrolog-
ical noise as dichotomic noise. Camporeale and Ridol [2007] further developed the model to
investigate the eect of hydrological uctuations on noise-induced stability and bi-modality in
vegetation biomass dynamics along a riparian transect. This model was extended to investigate
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the scaling of the riparian width at watersheds scale byMuneepeerakul et al. [2007b], and utilized
by Perona et al. [2009b] to investigate riparian vegetation dynamics in meandering and braided
rivers. Perona et al. [2009a] developed a stochastic approach for studying sediment-vegetation
dynamics driven by stochastic ood disturbances at a ood plain scale. Tealdi et al. [2011]
explored the eects of dam induced hydrological changes on total biomass along the transect.
Crouzy and Perona [2012] developed a rigorous stochastic description of growth-uprooting that
was validated through a ume experiment [Perona et al., 2012]. More recently, Tealdi et al.
[2013] investigated the role of the interspecic interactions, driven by a shot-noise hydrologic
driver, on the distribution of the species along a river transect.
Here the approach of Camporeale and Ridol [2006] is adopted and, for the rst time, comple-
mented with the stochastic model of streamows and stages developed by Botter et al. [2007a;
2010b], with the goal of analyzing the signature of catchment-scale hydro-climatic processes and
river ow regimes in the patterns of vegetation biomass. The model is then applied to two
catchments with opposing ow regimes: (i) the Boite, located in north eastern Italy (persistent),
and (ii) the Youghiogheny, in MD USA (erratic). A detailed process-based analysis of the role
played by hydrologic variability as the driver and limiting factor for vegetation growth along a
river transect is presented. The main elements of novelty with respect to previous works are:
a rigorous analytic formulation for the probability and mean duration of inundation/exposure,
explicitly based on the climatic and hydrologic parameters is provided and validated against eld
data; based on this framework, the correlation scale of the hydrologic noise is properly dened
such that it changes along the river transect according to the underlying ow variability rather
than being assumed to be constant as in previous studies [Camporeale and Ridol, 2006]. The
relative role of ooding and groundwater access in mean vegetation biomass is then explored
through an analytic index that quanties the deviation from carrying capacity. The impact of
long-term variability of climate on the mean vegetation biomass along the transect is analyzed.
4.2 Model Outline
A general representation of the ecohydrological processes driving the riparian vegetation dynam-
ics is depicted in Figure 4.1, which presents the temporal variation of streamows, stages and
vegetation biomass (left) and the associated PDF for each variable (right). The stochastic uc-
tuation of the streamows is controlled by climatic and landscape features of the contributing
watershed (expressed by the PDF of streamows). The temporal variability of river stages is,
in turn, a mirror of these uctuations since they result from the random sequence of ow pulses
delivered from the contributing catchment, suitably modulated by the morphological features of
the transect. For a given point, vegetation biomass alternates between growth (when the site is
exposed) and decay (when the site is inundated). The length of the exposure/inundation time as
well as vegetation specic features determine the extent of growth and decay. We can therefore
express the dynamics of vegetation along a river transect by means of coupling catchment-scale
hydroclimatic processes, morphologic attributes of the river transect and vegetation specic bi-
ological features. In this section we outline the analytical frame work utilized to model these
processes.
59
Chapter 4. River ow regimes and vegetation dynamics along a river transect
100 200 300 400 5000
0.2
0.4
0.6
0.8
1.0
1.2
m
/d
c[ 
Q  
W
O
L
F
M
A
E
R
T
S
]
1 2 3 4 5
p
q
(Q) [d/cm]
100 200 300 400 500
E
G
A
T
S
 ]
m[ 
1 2 3 4 5
p
h
(h) [1/m ]
100 200 300 400 500
TIME [d] 
 ]-[ 
B 
S
S
A
M
OI
B 
N
OI
T
A
T
E
G
E
V
1 2 3 4 50
0.2
0.4
0.6
p(B) [-] 
0
0.2
0.4
0.6
0.8
1.0
1.2
0
0.4
0.6
0.8
1.2
0
0.2
0.4
0.6
0.8
1.0
1.2
0
0.2
0.4
0.6
0.8 0.8
(a)
(c)
(e)
SELECTED TRANSECT HEIGHT
I
N
OI
T
A
D
N
U
N
E
E
R
U
S
O
P
X
 ) 
η 
< 
h(
Te
G
H
T
W
O
R D
Y
A
C
E
η 
Ti ) 
η 
> 
h(
(b)
(d)
(f)
Fig. 4.1: Temporal dynamics of streamows, stages and vegetation biomass (left) and the associated PDF
for each variable (right). Vegetation biomass alternates between growth and decay based on
the stochastic patterns of exposure/inundation for a given point along the river. This pattern
is a mirror of stochastic uctuation of the streamows, which is determined by climatic and
landscape features of the contributing watershed.
The ow regime denes the river ow variability and is embodied by the streamow PDF.
Here, the ow regime is characterized by means of a recent analytical mechanistic model [Botter
et al., 2007a] based on a catchment-scale soil water balance forced by stochastic rainfall which is
modeled (at daily timescales) as a marked Poisson process with frequency p and exponentially
distributed depths with average  [Rodriguez-Iturbe et al., 1999; Porporato et al., 2004; Botter
et al., 2007a]. Accordingly, the specic (per unit catchment area) streamow (Q) is composed of
instantaneous jumps corresponding to rainfall events lling the soil water decit in the root zone
(taking place with frequency  < p) and the exponential decays between them. Therefore, the
stochastic temporal dynamics of Q at a daily timescale (Figure 4.1a) can be described as:
dQ (t)
dt
=  KTQ (t) + Q(t) (4.1)
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where the rst term on the right-hand side represents the deterministic exponential decay of Q
between events (with rate KT ) and the second term represents the stochastic jumps induced by
streamow producing rainfall events (Figure 4.1a). The inter-arrival time of events and the jumps
themselves are exponentially distributed, with means 1= and  respectively. The resulting PDF
of specic streamows (Figure 4.1b) is expressed by a Gamma distribution [Botter et al., 2007a]:
pq(Q) =
 


KT
 1
KT

Q
KT
 
KT
 1
exp

  Q
KT

(4.2)
where   is the complete gamma function (see the supplementary information for more details on
the model). According to equation (4.2), the coecient of variation of Q is given by CVQ =
q
KT
 ,
thereby allowing the identication of two distinct regimes: when  > KT the frequency of the
events contributing to streamow is large compared to the recession time scale and CVQ < 1,
implying that the ow variability is reduced (persistent regime). Conversely, when  < KT the
frequency of ow-producing events is small and CVQ > 1, meaning that the ow variability is
enhanced (erratic regime).
The stochastic uctuations of Q control the temporal variability of stage h. The functional
relationship between streamow Q and stage h (above a certain datum h0), for a xed cross
section, is usually estimated through a power law relationship h = aQb (otherwise known as the
discharge rating curve) where a and b are dependent on the cross section morphology [Leopold
and Maddock, 1953; Stall and Fok, 1968; Chow et al., 1988]. The stochastic temporal dynamics
of h at a daily timescale (Figure 4.1c) can therefore be derived from the equation (4.1) as:
dh (t)
dt
=  bKTh (t) + h(t) (4.3)
Much like the streamows, here the rst term on the right-hand side represents the deterministic
exponential decay of h between events (with rate bKT ) and the second term represents the
stochastic jumps induced by streamow producing rainfall events. The frequency of Q and
h is the same (and equal to ), while the distribution of the sizes of the jumps is dierent.
The PDF of stage h (Figure 4.1d) can be obtained from the PDF of the streamows using the
derived-distribution approach [Botter et al., 2010b]:
ph (h) =
 


KT
 1
b
(h)

KT b
 1
exp
h
  (h) 1b
i
(4.4)
ph(h) is a generalized gamma distribution with shape parameters

KT
and 1b , and scale parameter
 = a 1(KT ) b, which represents the inverse of the stage observed when the discharge is equal
to the mean jump produced by the streamow producing event (Q = KT ). Therefore the PDF
of stage h is presented explicitly in terms of climatic and landscape controls (, , KT ) and
morphological features of the cross section (a, b).
Riparian vegetation dynamics along the river transect is studied by means of the model
developed by Camporeale and Ridol [2006], which depicts the growth and decay of riparian
vegetation driven by varying water table and river stages. Here, we utilize this model with some
modications (described later in the text), which allow for a more direct analysis of the impact
of the ow regime on riparian vegetation dynamics. In contrast to Camporeale and Ridol [2006],
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here the symbol  indicates unit-less parameters. Moreover, stage and elevation dependencies
have been made explicit throughout the formulation to emphasize the location dependence of
each parameter. Other notations from the original paper (such as ) have been modied in order
to avoid confusion with similar parameters used in the analytic formulas of ow regime and river
stage.
The major eect of the stochastic nature of stage dynamics on riparian vegetation is the ran-
dom alternation, at any site along the transect, between exposure (during which vegetation is
allowed to grow) and inundation (during which vegetation is removed by ooding, see Figure 4.1).
The shifting between the exposure and inundation states is modeled as a Dichotomic Markov pro-
cess where each of the two available states have a random (exponentially distributed) duration.
In this model the overall vegetation biomass of a single phreatophyte species is considered while
inter-specic interactions are neglected. A steady state river morphology is considered and geo-
morphological processes (such as sedimentation and erosion) are neglected. Moreover, the time
delay between the change in the river stage and the groundwater table is neglected. Based on
the above assumptions the local stochastic dynamics of riparian vegetation at a certain elevation
(Figure 4.1e) is modeled as a dichotomic process [Camporeale and Ridol 2007] in which biomass
dynamics switch between growth (during exposure) and decay (during inundation). Mathemati-
cally:
dB
dt
=
(
 B()B h   (a)
B (() B) h <  (b) (4.5)
where  = <h> and h
 = h<h> represent normalized transect height and stage, B is dimensionless
vegetation biomass at a given point with normalized elevation  (0 < B < 1),  is the average
carrying capacity and B expresses the average decay rate of vegetation d(scaled to a species
specic growth rate g). Dimensionless time is represented in equation (4.5) as t
 = gt.
Equation (4:5a) models the vegetation decay due to ooding. Therein, the values of hdi and
therefore B are modulated along the transect through stage uctuations (see the supplementary
information).
Equation (4:5b) captures the vegetation growth according to a generalized Verhulst-logistic
function for a phreatophyte species tapping the groundwater [Botkin et al., 1972; Camporeale and
Ridol, 2006]. () is the average carrying capacity, which is calculated based on the average
availability of soil water within the root zone taking into account the stage uctuations implied
by the streamow variability (see the supplementary information for more details on the model
parameters). The carrying capacity is dependent on the vegetation-specic optimal groundwater
depth, Zr (the notation emphasizes the dependence on species-specic root properties).
Equation (4.5) is linked to the ow regime in two dierent ways: (i) indirectly, in the denition
of the parameters B(
) and (), whose expressions involve the stage PDF ph(h); (ii) directly,
in the switching between inundation and exposure at a given elevation along the transect, which
is a dichotomic process driven by streamow variability. Formally (see section 3), the dichotomic
noise is dened here through the inundation probability PI and the correlation time of the noise
 , which can be interpreted as a measure of the memory of the process [Ridol et al., 2011]. For
a given probability of inundation PI smaller values of  imply shorter and more frequent ood
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periods. PI and  embed all the dynamical features of the hydrologic forcing and will be formally
linked to the ow regime in section 3.
This model (equation (4.5)) can be written in terms of a stochastic dierential equation
[Kitahara et al., 1980] with a steady-state solution representing the long-term vegetation biomass
PDF (Figure 4.1f) for a point along the transect [Camporeale and Ridol 2006]:
p(B) =
N
B
B
(1 B) (B+)PI
B
 (  B)
PI
 1 (B +   B) (4.6)
where vegetation biomass is constrained between [0; ], and N is the normalization constant.
Dimensionless correlation time of the noise is represented in equation (4.6) as  = g . The PDF
of vegetation can then be calculated for any given point along the transect based on B, , PI and
 provided that BPI < PE (the convergence criterion for N), otherwise p(B) converges to a
Dirac delta distribution. This criterion is dened by parameters that are all location dependent,
and thus it provides the lowest limit of the vegetated zone for a given transect and ow regime
[Camporeale and Ridol, 2006].
4.3 Vegetation Dynamics in the Aquatic Terrestrial Transition Zone
Riparian vegetation dynamics take place within areas that are periodically inundated by stream-
ows. In this context, such areas are referred to as the aquatic/terrestrial transition zone (ATTZ)
since they alternate between the aquatic and terrestrial environments [Junk et al., 1989]. The
pattern of switching between these conditions is a result of the variability of stages controlled
by the river morphology and the underlying ow regime (Figure 4.1). This concept provides a
clear framework for describing the impact of the hydrologic noise in a river transect. The diverse
hydrologic conditions along the aquatic-terrestrial transition region can be described focusing
on ve interrelated attributes: probability of exposure PE and inundation PI , mean duration of
exposure hTEi and inundation hTIi, and the correlation scale of the dichotomic noise  .
The probability of exposure PE() for a point along the river transect (i.e. for a specic
elevation ) can be derived as a non-exceedance probability of the stage PDF evaluated for
h = . The analytical expressions for PE , based on the stage PDF, is shown below:
PE () =
Z 
0
p (h) dh =



KT
; ()
1
b

 


KT
 (4.7)
where (; ) is the lower incomplete gamma function. Accordingly, the probability of inundation
can be calculated as PI() = 1   PE(). Under steady state conditions the mean duration of
time spent in the exposure state hTEi can be analytically derived using the crossing properties of
stochastic processes driven by shot noise [Masoliver, 1987; Laio et al., 2001b; Porporato et al.,
2001]. If we dene  = aQb as the streamow corresponding to the critical condition h = , the
resulting expression for hTEi as a function of Q is:
hTEi (Q) = PE(Q)
KTQpq(Q)
(4.8)
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The above equation, expressing the mean duration of exposure in terms of Q, can be re-cast
in terms of  by means of the power law mentioned above, and equations (4.2) and (4.7). The
result is:
hTEi () =



KT
; ()
1
b

KT
 
a
 1
b (KT )
  
KT
 
a
 1
b


KT
 1

exp

 (a)
1
b (KT ) 1
 (4.9)
The mean duration of inundation hTIi for a point along the transect can be obtained with the
same method as equation (4.9) and is shown below:
hTIi () =
 


KT

  


KT
; ()
1
b

KT
 
a
 1
b (KT )
  
KT
 
a
 1
b


KT
 1

exp

 (a)
1
b (KT ) 1
 (4.10)
The dynamics of the dichatomic noise are driven by uctuations of the river stage and so the fre-
quency and duration of exposure/inundation events change based on elevation along the transect.
As a result, the correlation time of the hydrologic noise  , which is dened as:
1
()
=
1
hTEi () +
1
hTIi () (4.11)
shall be dependent on . We avoid representing the resulting expression (which can be easily
dened by combining equations (4.9), (4.10) and (4.11)) due to space limitations. Therefore,
in contrast to previous works [Camporeale and Ridol, 2006], we relax the assumption that the
correlation time of the noise is constant for all  and calculate the changing value of  for every
point along the transect. We will discuss this matter further in section 4.
The distribution of mean exposure/inundation times provides an accessible description of the
hydrologic noise along the river transect (Figure 4.2a, b, c). Below the threshold EP (dened
as hTEi (EP ) = 1 day) the system experiences a near constant aquatic (inundated) environment
with exposure pulses of typical duration shorter than one day. Similarly, above the threshold
FP (dened as hTIi (FP ) = 1 day) the transect has a terrestrial (exposed) environment with
oods typically lasting less than one day. The zone between these two points (dichotomic region)
is periodically ooded with decreasing probability as elevation from the bottom of the river bed
increases. Therein, the average duration of the exposure and inundation period exceeds one day.
These dierent conditions are a result of the variability of stages, which is in turn based on
the underlying ow regime and river morphology. The analysis of stage crossing times provides
a framework to properly characterize the hydrologic noise in terms of instantaneous shots or
dichotomic noise [Tealdi et al., 2013].
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Fig. 4.2: (a) Probability density of the stages, (b) The river transect, (c) Distribution of mean exposure
hTEi and inundation hTIi times along the river transect, (d) Distribution of mean vegetation
biomass (hBi, straight line) and carrying capacity (, dashed line) along the transect. The
exposure pulse region is the zone below EP where hTEi < 1 day. Similarly, the ow pulse region
is the zone above FP where hTIi < 1 day. The average duration of exposure and inundation is
larger than one day in the dichotomic region. There are three types of behavior depending on the
position along the transect: no vegetation, vegetation constrained by ooding, and vegetation
constrained by groundwater access. B represents the point where hBi = 0, and F is the point
where hBi converges to the value of the carrying capacity.
The analytical formulation allows for the calculation of the rst moment of the vegetation
PDF, which is stated here in a form simpler than previously provided by Camporeale and Ridol
[2006]. The mean vegetation biomass for a point along the transect is expressed as:
hBi = (1 + B) [   (B + )PI ]
1  PI + B (4.12)
provided that convergence criterion, BPI < PE , is satised. This formulation is advantageous
(with regards to equation (4.12) in Camporeale and Ridol [2006]) since it allows for a more direct
understanding of the role played by the various parameters involved (see below). All parameters
in the expression above are driven by the statistical characteristics of the stage and are therefore
dependent on the underlying streamow regime.
In order to analyze the pattern of hBi along the transect it is constructive to introduce two
new parameters (Figure 4.2d). F is the elevation above which the value of hBi is similar to the
carrying capacity (hBi  ), and B represents the lowest limit of the vegetated zone (hBi = 0).
It is interesting to note that B is independent of the correlation of the noise and it rather depends
only on vegetation features (B, ) and the stage PDF (PE , PI).
It is possible to distinguish three patterns of behavior, depending on the elevation of the point
considered along the transect (Figure 4.2d). The rst zone, located below B, is characterized by
the absence of vegetation. In this zone B is largest and PI approaches one. In the second zone,
located between B and F , the system switches between the inundation and exposure states
frequently enough to constrain vegetation growth by ooding. Here  reaches a maximum, and
mean vegetation biomass is also at its largest value. However, the decay caused by ooding
constrains vegetation growth and thus hBi < . In the third area while PI approaches zero, the
value of hBi is comparable to the carrying capacity (hBi  ). Consequently, mean vegetation
biomass declines as the access of vegetation to groundwater is constrained.
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Sensitivity analysis revealed that despite the changing value of  along the transect, its relative
impact on the overall mean vegetation biomass is not signicant in the cases analyzed (see
discussion in section 4). As a consequence, equation (4.12) can be further simplied to:
hBi =    hdiPI
gPE
(4.13)
This formulation highlights the important role of groundwater access as a control for vegetation
growth. One can then discuss hBi as the dierence between maximum possible biomass (the
carrying capacity) subtracted by the ratio between scaled decay and scaled intrinsic growth rates
of the species. The scaling factors for decay and growth rates are represented by the time spent
in the inundation (PI) and exposure (PE) states.
In order to better understand the impact of the hydrologic noise on the behavior of mean
vegetation biomass, we developed the deciency index dened as:
Di =
   hBi

=
BPI [( + B) 
 + 1]
 (1  PI + B) (4.14)
In physical terms, Di represents the deviation from the maximum potential vegetation biomass
along the transect due to ooding. In cases where the overall mean vegetation biomass is found
to be unaected by the terms associated with  (see later discussion in section 3), the above
expression can be further simplied into:
Di =
BPI
PE
=
hdiPI
gPE
(4.15)
In other words, the deciency index can be thought of as the ratio between an eective decay
rate (hdiPI) and an eective growth rate (gPE). The decay rate is scaled to the time spent
in the inundation state (PI) while the growth rate is scaled to the time spent in the exposure
state (PE) and the carrying capacity (). Di has a range of [0  1]. It is equal to 0 at F where
vegetation biomass is not limited by ooding (PI approaches 0) and increases to 1 at B where
mean vegetation biomass approaches zero. It is intriguing to note that the concept expressed
through the deciency index is the same as the validity criterion for hBi.
Based on equation (4.15), a general analytic expression for the deciency index Di can be
derived by employing inherent properties of the gamma function:
Di =
 

p
KT

 

p
KT
+ b
  

p
KT
+ b; ()
1
b

   

p
KT
; ()
1
b

 

p
KT
; (l)
1
b

   

p
KT
; (h)
1
b
 (4.16)
where  (; ) represents the upper incomplete gamma function, and l, h are the lower and upper
bounds of the optimal range of groundwater for growth determined by Zr (see the supplementary
information).
4.4 Case Studies
The model described in the previous sections is applied (for the summer season) to the terminal
reach of two dierent catchments characterized by contrasting ow regimes: the Boite (persistent,
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CVQ = 0:37) and Youghiogheny (erratic, CVQ = 1:4) river basins. The Boite river is a tributary
of the Piave river, located in the Dolomites region in north eastern Italy. It drains a catchment
of 313 km2 at Cancia, with an average discharge of 12.7 m3=s. Observed rainfall, streamow and
stage data (at daily time scale) from the summer months (June-August) of the period 1986-2008
were utilized. The Youghiogheny River, a tributary of the Monongahela River, is located near
Oakland (MD) in the United States. It drains an area of 347 km2 and has an average discharge
of 3.6 m3=s. Observed rainfall, streamow and stage data (at daily time scale) from the summer
months of the period 1993-2012 were utilized.
Figure 4.3 illustrates the comparison between the analytical (solid line, equation (4.2)) and
observed (bars) streamow PDF during the summer season for both catchments. Parameters of
the model were independently evaluated based on observed hydroclimatic data and not tted
to the observed distribution (see Botter et al., 2007b; 2007c; 2013 for more details on the pa-
rameter identication procedure). The theoretical gamma distribution provides a good t to the
streamow PDF estimated based on the observed data in both regimes.
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Fig. 4.3: Comparison between the analytical streamow PDF (solid line) and the streamow PDF esti-
mated from summer season observed data (bars): (a) Boite River at Cancia, Italy ( = 0:65 [cm],
 = 0:45 [d 1] and KT = 0:066 [d 1]); (b) Youghiogheny River at Oakland, US ( = 0:91 [cm],
 = 0:13 [d 1] and KT = 0:28 [d 1]).
Figure 4.4 depicts the comparison between the analytical (solid line, equation (4.4)) and
observed (bars) stage PDFs, and the shape of river transects at the catchment outlet. In addition
the gure provides a comparison of the analytical and observed values of the average duration
of exposure hTEi (dashed line and squares) and inundation periods hTIi (solid line and circles).
The river transects feature a complex morphology and represent the most recent measurements
available. The analytical stage PDFs provide a good t to the observed stage PDFs and capture
the overall variability stages for both catchments. It should be noted that in this model we utilize
xed mean values for rating curve parameters a and b. These xed values are not always capable
of capturing the frequent changes of the river morphology prevalent in some systems. The poor
agreement between the analytical and observed stage PDFs close to zero for the erratic regime
(Figure 4.4b) can be attributed to this.
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Fig. 4.4: (a,b) Comparison between the analytical (solid line) and observed (bars) stage PDFs, (c,d) river
transect at the catchment outlet, (e,f) comparison of the analytical and observed mean duration
of inundation hTIi (solid line, circles) and exposure hTEi (dashed line, squares). Rating curve
parameters are a = 1:03 [m(d=cm)b], b = 0:498 [ ] for the Persistent regime (Boite River) and
a = 0:61 [m(d=cm)b], b = 0:49 [ ] for the erratic regime (Youghiogheny River).
The agreement between the observed mean duration of exposure/inundation periods and the
corresponding analytical estimates is reasonable, despite a systematic underestimation of hTEi
for the persistent regime. also note that some scattering appears in the data, for the low and high
elevations, due to the limited size of the sample considered. The distribution of hTIi is similar in
both regimes. However, the exposure pulse zone (where exposure events last less than one day)
is wider in the persistent regime. In contrast, in the erratic regime, the exposure pulse region
is smaller owing to the longer recessions of streamows and the higher probability of low ows.
The poor agreement between the analytic and observed values of hTEi of the erratic regime for
low elevations is consistent with the behavior of the analytical stage PDF, where the observed
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probability of stages close to zero is not accurately captured. The ow pulse region (where
inundation events last less than one day) is limited to the edges of the transect, where high
elevation makes the eect of ooding less important. Hence the representation of the hydrologic
forcing in terms of dichotomic noise (upon which the analytical model of vegetation dynamics
used in this paper relies) proves meaningful in these cases.
In both regimes hTEi tends towards zero for low elevations, though it does so much faster in
the persistent regime. The rapid decline indicates a dual behavior of mean vegetation biomass
in the persistent regime, with no vegetation in the permanently inundated zone and undisturbed
vegetation growth in the permanently exposed zone. This implies that biological succession
is more likely to occur in the persistent regime. In erratic regimes instead, a large zone of the
transect is characterized by a more dynamic exposure/inundation pattern leading to rapid growth
and decay of vegetation. This promotes a distribution of vegetation along the transect according
to the optimal elevation dictated by vegetation specic features.
The mean duration of exposure/inundation change with the elevation  due to uctuations
of the river stage (Figure 4.4). Consequently, the correlation time scale of the hydrologic noise
 shows a clear pattern along the transect. Figure 4.5 shows the observed and analytically
calculated values of  for both persistent and erratic regimes. These results conrm that  does
in fact change along the transect. In line with our previous assertion regarding equation (4.11),
this change in  was taken into account when calculating the mean biomass along the transect.
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Fig. 4.5: Observed and analytical values of  (suitably normalized by the corresponding maximum value
of  represented by max) along the transect for both (a) persistent and (b) erratic regimes.
It is important to analyze the impact of vegetation specic parameters on the distribution of
hBi along the transect in order to explore the dierent nature of the hydrologic noise in the two
regimes. In line with Camporeale and Ridol [2006], the species-specic parameters considered
here are the optimum depth of groundwater Zr and the sensitivity to ooding k, which is related
to the coecient B in equation (4.5) (see the supplementary information). Figure 4.6 shows the
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distribution of the carrying capacity  (dashed line) and the mean vegetation biomass (solid lines)
for dierent values of k = [0:28; 2:8; 10] and optimum depth of groundwater Zr = [0:1; 0:25; 0:5]m.
It is important to note that these values do not apply to any particular species. Rather they
have been chosen from a range of possible values [Camporeale and Ridol, 2006; Baskerville, 1965;
Perry et al., 1969; Young et al., 1980] in order to highlight the relevance of the dierent processes
that control the distribution of vegetation biomass on a transect. In the zone where ooding is
the limiting factor, the impact of the hydrologic noise is modulated by the value of k for dierent
species. Where hBi is limited by access to groundwater, Zr is the main control. The impact of
ooding on vegetation is reduced with increasing Zr. This is because, for larger values of Zr,
the optimal zone for the growth of a particular species is displaced to a higher elevation along
the transect where ooding is less frequent. In the persistent regime, except for low optimum
groundwater depths (Figure 4.6 a,b,c), the pattern of hBi along the transect remains relatively
unchanged for dierent values of k. In the erratic regime (Figure 4.6 d,e,f), however, vegetation
is still aected by ooding at similar optimum groundwater depths. The large variability of the
streamows in the erratic regime (owing to the larger ratio of =KT ) leads to a larger area along
the transect where the distribution of hBi is impacted by ooding. Moreover, the peak of hBi, for
more sensitive species, is generally smaller as a result of the large variability of streamows. In
general, at large distances from the river base, the impact of ooding is less severe and thus access
to groundwater becomes the limiting factor for vegetation growth. In contrast, at elevations
closer to the river base, sensitivity to ooding (represented by k) is the dominant limiting factor.
The value of k inversely eects the peak value and extent of hBi, though its impact is more
severe in the erratic regime. The enhanced sensitivity of vegetation biomass patterns to species-
specic ecological attributes in erratic regimes promotes a heterogeneous distribution of riparian
vegetation along the river transect, with disjointed elevation ranges for species with dierent Zr
and k.
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Fig. 4.6: Distribution of mean vegetation biomass (hBi, solid lines) and carrying capacity (, dashed line)
along the transect for k = [0:28; 2:8; 10] and Zr = [0:1; 0:25; 0:5] m in: persistent regime, Boite
River (a,b,c), and erratic regime, Youghiogheny River (d,e,f). The values of Zr considered are
the same in both cases. The normalized values (Zr= < h >) change in the two catchments based
on the respective mean stage. Values of Zr= < h > are [0:18; 0:45; 0:9] for the Boite river and
[0:4; 1; 2] for the Youghiogheny river.
The rigorous characterization of the correlation time scale of the hydrologic noise along the
transect (Equation (4.11)) allowed for a suitable investigation of the role played by such parameter
for the mean biomass. Despite the changing value of correlation time of the hydrologic noise along
the transect, it was revealed that the relative impact of  on the overall mean vegetation biomass
is not signicant in the cases analyzed, and limited to the zone where vegetation is constrained
by ooding. The results presented in Figure 4.6 remained the same, when calculated based on
equation (4.12) or (4.13). Therefore, previous results obtained based on the assumption that  is
constant along the transect and equal to the correlation time scale of streamows [Camporeale
et al., 2006] can be applied to most practical settings.
Figure 4.7 shows the distribution of Di along the transect for the same range of k and Zr
considered previously. Di is largest and equal to 1 at B and decreases thereafter to zero at F .
The gure shows that in the persistent regime vegetation biomass quickly reaches the maximum
potential () with increasing  regardless of underlying ecological parameters (k and Zr). In
the erratic regime the extent of the region impacted by ooding (where decay of Di with respect
to  is slower as k increases) is considerably larger. In both regimes the extent of the zone
disturbed by ooding narrows with increasing Zr. Therefore, the lowest limit of the vegetated
zone is determined by Zr, while k aects the rate of decrease of Di along the transect.
71
Chapter 4. River ow regimes and vegetation dynamics along a river transect
1 
2 
3 
0 
1 
2 
3 
0 
1 
2 
3 
0 
1 
2 
3 
0 
1 
2 
3 
0 
1 
2 
3 
0 
Z 
r 
= 0.10 m 
Z 
r 
= 0.25 m 
Z 
r 
= 0.50 m 
Z 
r 
= 0.10 m 
Z 
r 
= 0.25 m 
Z 
r 
= 0.50 m 
0.2 0.4 0.6 0.8 1 0 
0.2 0.4 0.6 0.8 1 0 
0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1 0 
0.2 0.4 0.6 0.8 1 0 
0.2 0.4 0.6 0.8 1 0 
  
N
 
O
 
I 
T
 
A
 
V
 
E
 
L
 
E
 
  
D
 
E
 
Z
 
I 
L
 
A
 
M
 
R
 
O
 
N
 
    
η
 
] - [   
>
 
h
 
<
 
/ 
 
DEFICIENCY INDEX  D 
i 
 [-] 
DEFICIENCY INDEX  D 
i 
 [-] 
DEFICIENCY INDEX  D 
i 
 [-] 
DEFICIENCY INDEX  D 
i 
 [-] 
DEFICIENCY INDEX  D 
i 
 [-] 
DEFICIENCY INDEX  D 
i 
 [-] 
  
N
 
O
 
I 
T
 
A
 
V
 
E
 
L
 
E
 
  
D
 
E
 
Z
 
I 
L
 
A
 
M
 
R
 
O
 
N
 
    
η
 
] - [   
>
 
h
 
<
 
/ 
  
N
 
O
 
I 
T
 
A
 
V
 
E
 
L
 
E
 
  
D
 
E
 
Z
 
I 
L
 
A
 
M
 
R
 
O
 
N
 
    
η
 
] - [   
>
 
h
 
<
 
/ 
  
N
 
O
 
I 
T
 
A
 
V
 
E
 
L
 
E
 
  
D
 
E
 
Z
 
I 
L
 
A
 
M
 
R
 
O
 
N
 
    
η
 
] - [   
>
 
h
 
<
 
/ 
  
N
 
O
 
I 
T
 
A
 
V
 
E
 
L
 
E
 
  
D
 
E
 
Z
 
I 
L
 
A
 
M
 
R
 
O
 
N
 
    
η
 
] - [   
>
 
h
 
<
 
/ 
  
N
 
O
 
I 
T
 
A
 
V
 
E
 
L
 
E
 
  
D
 
E
 
Z
 
I 
L
 
A
 
M
 
R
 
O
 
N
 
    
η
 
] - [   
>
 
h
 
<
 
/ 
(a) (d) 
(e) (b) 
(f) (c) 
PERSISTENT REGIME ERRATIC REGIME
k =2.80
k =0.28
k =10.0
Fig. 4.7: Distribution of the deciency index Di along the transect for k = [0:28; 2:8; 10] and Zr =
[0:1; 0:25; 0:5]. The cases considered are: Persistent regime, Boite River (a,b,c), Erratic regime,
Youghiogheny River (d,e,f).
These results suggest that, despite competition and interspecic interactions not being taken
into consideration within the framework, the dissimilar patterns of mean vegetation biomass in
erratic (heterogeneous) and persistent (homogeneous) regimes may be of fundamental importance
in explaining ecological gradients along aquatic terrestrial transition zones.
4.5 The Impact of Hydroclimatic Fluctuations
Thus far, we have explored the behavior of riparian vegetation in dierent ow regimes. However,
the hydro-climatic parameters used in the model are temporally averaged values calculated from
long-term historical data. It is equally interesting to investigate the impact of possible changes
of climate/landscape properties on the patterns vegetation growth along the river transect.
The driving hydroclimatic parameters of the ow model are , , and KT (Equation (4.2)).
In particular, the ratio =KT is the indicator of the type of ow regime, with values less than
72
Chapter 4. River ow regimes and vegetation dynamics along a river transect
one suggesting an erratic regime and values greater than one representing a persistent regime.
All three parameters may display signicant long-term changes due to climate an landscape
modication: inter-annual variability of the mean intensity of the events are specied by inter-
annual uctuations of , while inter-annual changes in  captures the combined eect of alteration
in frequency and depth of precipitation as well as other parameters such as evapotranspiration.
The inter-annual variability of KT in turn captures the uctuations in catchment-scale landscape
response to rainfall events [Botter et al., 2013].
In order to analyze the impact of possible long-term hydroclimatic uctuations on ow/stage
regimes and vegetation biomass, hypothetical scenarios were devised, where dierent values of 
and =KT within the range between the maximum and minimum observed values (Figure 4.8a,
Figure 4.9a) were considered. In Figure 4.8, in particular, we analyze the eect of increasing
rainfall depth  where the ratio =KT (the shape parameter of the streamow PDF) is kept
constant and equal to that of the entire time series for each ow regime. This is tantamount to
keeping the regime the same (i.e. persistent regime remains equally persistent), while increasing
the amount of rain during wet days. Figure 4.8 depicts the PDF of streamows (Figure 4.8b,
f), stages (Figure 4.8c, g), as well as the mean biomass (Figure 4.8d, h) and deciency index
(Figure 4.8e, i) along the river transect for the persistent and erratic regimes. In the case of the
persistent regime, changes in  produce a noticeable change in the distribution of streamows
and river stages (including the mean, variance, and the mode). The change of rainfall depth also
produces an upward shift in the mean biomass along the transect, with a small reduction of the
peak. In the erratic regime instead, the PDF of streamows remain relatively unchanged. This is
in line with observed reduced sensitivity of erratic ow regimes to changes in the climate [Botter et
al., 2013]. The shape of stage PDF in this case is not similar to the shape of ow PDF due to the
reduced derivatives of ph(h). This is especially true for low stage values, where the performance
of the analytical model is quite poor (see Figure 4.4). The increase in rainfall increased the area
of impact of the hydrologic noise along the transect (Figure 4.8h). As a consequence, the shift
and reduction of peak mean biomass is more noticeable in the erratic regime (where the eect of
ooding is larger) compared to the persistent regime.
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Fig. 4.8: Eect of increasing rainfall depth  on vegetation biomass along the transect. The ratio =KT
is kept constant and equal to that of the entire time series for each ow regime. (a) temporal
uctuations of observed values of , (b,f) PDF of streamows, (c,g) PDF of stages, (d,h) mean
biomass, (e,i) deciency index along the river transect for the persistent and erratic regimes.
 = [0:5; 0:6; 0:7; 0:8] and =KT = 4:21 for the persistent regime, and  = [0:5; 0:8; 1:1; 1:4]
and =KT = 0:46 for the erratic regime. Vegetation specic parameters were kept the same
(Zr = 0:1[m] and k = 2:8) for all scenarios. The choice of values was deliberate as to allow a
better visualization of the results. Nevertheless, similar patterns can be obtained with dierent
parameter combinations.
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Changes in the climate can also lead to signicant shifts in the type of ow regime. Figure 4.9a
depicts the temporal uctuations of =KT for both cases considered in this study. It is interesting
to note that in the erratic regime, the ratio exceeds the threshold =KT = 1 in some cases. This
indicates that the catchment does not always follow an erratic behavior. Figure 4.9 depicts the
PDF of streamows (Figure 4.9 b, f), stages (Figure 4.9 c, g), as well as the mean biomass
(Figure 4.9d, h) and deciency index (Figure 4.9e, i) along the river transect for the observed
range of =KT . In the persistent regime, the increasing value of the ratio =KT is depicted with
smaller variance in the PDF of streamows and stages. The reduced variability of streamows
limits the vegetation growth to a smaller area with larger peaks, approaching the maximum
potential biomass (carrying capacity). The eect of an increase in the ratio =KT on the mean
biomass is overall weak specially in extremely persistent regimes. This can be more readily
recognized in the deciency index curves, where a sharp transition from 0 to 1 is observed. A
similar trend can be observed in the erratic regime. However, the eect of changes in the type of
ow regime is enhanced in this case, with larger shifts of mean biomass and extremely low peaks
of hBi in cases where =KT < 1. Note that when =KT = 1:4, the streamow PDF is indeed
no longer of the erratic type. At the other extreme, when =KT = 0:1, the stage PDF is also
monotonic. In this case no vegetation is present along the entire transect.
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Fig. 4.9: Eect of shifts in ow regime on vegetation biomass along the transect. (a) temporal uc-
tuations of observed values of =KT , (b,f) PDF of streamows, (c,g) PDF of stages, (d,h)
mean biomass, (e,i) deciency index along the river transect for the persistent and erratic
regimes.  = [1:37; 0:68; 0:46; 0:34] and =KT = [2; 4; 6; 8] for the persistent regime, and
 = [4:19; 0:84; 0:42; 0:29] and =KT = [0:1; 0:5; 1:0; 1:4] for the erratic regime. Vegetation spe-
cic parameters were kept the same (Zr = 0:1[m] and k = 2:8) for all scenarios.
These results indicate that changes in the climate can amplify existing conditions (i.e. regime
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becomes more persistent), and in some instances lead to a shift between erratic and persistent
regimes. In the previous section we elaborated on the signicance of vegetation specic param-
eters in the distribution of mean biomass. The measure of sensitivity to ooding and optimum
groundwater depth make some species suited to a particular ow regime. Thus, a shift in the
type of ow regime can be detrimental to some vegetation, especially riparian species in er-
ratic regimes, which appear to be most sensitive to hydroclimatic change. This becomes doubly
important since previous studies [Botter et al., 2010a; Destouni et al., 2013] have shown that
anthropogenic changes in the river system can lead to human-induced shifts in ow regimes.
4.6 Conclusion
This paper explored the legacy of river ow regimes and reach morphology on patterns of mean
vegetation biomass along complex river transects. To this aim we employed a stochastic model
of streamows, stages and riparian vegetation dynamics that explicitly couples catchment-scale
hydroclimatic processes, morphologic attributes of the river transect and in-stream bio-ecological
features. The stochastic model was able to reproduce the observed distribution of mean expo-
sure and inundation times along the transect reasonably well, thereby providing a robust tool
for characterizing the hydrologic noise in riparian areas. The dierent behaviors observed in
erratic and persistent ow regimes allow this hydrologic distinction to be used as a framework
for understanding the patterns of riparian vegetation and, in particular, the role of ooding as
a limiting factor for vegetation growth. The hydrologic noise, in concurrence with ecological
attributes, denes the lowest bound for vegetation in both regimes. In persistent regimes, where
variability in streamow is low, the spatial pattern of vegetation along the river transect is pri-
marily determined by groundwater access. The pronounced vertical gradients of mean inundation
and exposure times lead to a noticeable transition between aquatic and terrestrial environments
and a narrow vegetated zone with homogeneous vegetation patterns. On the contrary, the large
variability of streamows in erratic regimes, reected by a slower decline in mean duration of
exposure, leads to a wider zone impacted by ooding. The erratic regime exhibits vegetation
patterns whose peaks are separated based on the underlying ecological properties (sensitivity to
ooding and access to groundwater). Moreover, under changing climatic patterns, the large area
of impact of the hydrologic noise leads to a more noticeable shift and reduction of mean biomass
in the erratic regime compared to the persistent regime. Notwithstanding the simplicity used to
describe the analyzed phenomena, the proposed model allowed us to highlight the pivotal role of
the ow regime in determining the dierent distributions of the riparian vegetation along a river
transect in persistent and erratic regimes.
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4.7 Supplementary Information
4.7.1 Flow Regime
In this paper, the ow regime was characterized by means of an analytical mechanistic model
[Botter et al., 2007a] based on a catchment-scale soil water balance forced by stochastic Poisson
rainfall (modeled at daily timescales) with frequency p and exponentially distributed precip-
itation depths with average  [Rodriguez-Iturbe et al., 1999; Porporato et al., 2004; Botter et
al., 2007a]. The portion of rainfall contributing to streamows is identied by the set of events
providing sucient water to ll the water decit created by plant transpiration in the root zone
and drive the soil water content in the region above its retention capacity. The distribution of
streamow-producing rainfall events is also assumed to follow a Poisson process characterized by
frequency  [Botter et al., 2007a]. This frequency is smaller than that of overall rainfall ( < p),
since not all rainfall events lead to generation of streamow, and it can be calculated based on
information regarding climate, soil and vegetation cover of the basin (Equation (S3) in Botter et
al., [2013]). The excess water is assumed to be instantaneously released from the upper soil to
deeper layers, and contributed to the streamow as subsurface runo. The subsurface storage of
the catchment is thought of as a linear reservoir with an exponential unit hydrograph and mean
response time equal to K 1T . Under the above assumptions, the specic (per unit catchment
area) streamow Q (Figure 4.1a) is made up of instantaneous jumps corresponding to each eec-
tive rainfall depth and exponential decays between the events, as stated by equation (4.1). The
three parameters , , and KT that dene the streamow PDF (equation (4.2)) are estimated
as follows:  is the mean depth of precipitation during rainy days; KT can be deduced from
recession analysis;  is operationally calculated based on the mean observed hQi as  = hQi .
4.7.2 Riparian Vegetation Dynamics
Here we provide a more comprehensive description of the parameters used in the vegetation
model developed by Camporeale and Ridol [2006]. The local stochastic dynamics of riparian
vegetation were modeled as:
dB
dt
=
(
 d(; h) Bn h   (a)
g B
m (Vc(; h) B)p h <  (b)
(S4.1)
where B is dimensionless vegetation biomass at an elevation  along the transect and 0 < B <
1. Equation (S4:1a) models the vegetation decay due to ooding. d(; h) is the coecient
quantifying the damage caused to vegetation by ooding and its value is modulated along the
transect through stage uctuations (d = K (h  ) = hhi). K is a decay coecient and for
convenience it is assumed to be equal to 0:0028d 1 in all cases [Camporeale and Ridol, 2006].
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Equation (S4:1b) captures the vegetation growth according to a generalized Verhulst-logistic
function for a phreatophyte species tapping the groundwater [Botkin et al., 1972; Camporeale
and Ridol, 2006]. g is a vegetation specic constant representing the intrinsic rate of growth
[Kot, 2001]. n, m and p are vegetation specic numerical constants and are set equal to one
for simplicity [Camporeale and Ridol, 2006]. Vc (; h) is the carrying capacity (similarly to
Camporeale and Ridol [2006] dened as the maximum attainable biomass and it is dependent
on the position of the groundwater depth with respect to elevation of the point considered. It
is recognized that plant growth is signicantly reduced for groundwater levels that are too low
(water stress) or too high (anoxia). Hence, for simplicity we assume the value of the carrying
capacity to be maximum (Vc (; h) = 1) when the water table (obtained based on observed
river stage data at a daily time scale) falls within a given range (l , h) around the optimum
groundwater depth Zr, and zero elsewhere. The bounds of this optimum range of groundwater
depth that allow vegetation growth are dened as l =    Zr    and h =    Zr + , where 
is assumed to be 0:1 m for simplicity.
In order to facilitate the derivation of an analytical expression for the PDF of vegetation
biomass, a dimensionless and temporally averaged formulation of the above equation is preferred.
To that end a temporally averaged value for the decay coecient and the carrying capacity are
dened as follows:
hdi () = 1
PI()
Z 1

d (; h) ph (h) dh (S4.2)
hVci () = 1
PE()
Z 
0
Vc (; h) ph (h) dh (S4.3)
where PI and PE are the probability of inundation and exposure. The notation on the left had
side signies the dependence on . Equation (S4.1) can therefore be re-written in dimensionless
terms as equation (4.5). B and  are dened as:
B(
) =
hdi
g
= k hh   i (S4.4)
() = hVci (S4.5)
Note that, parameter B and  are calculated for each point along the transect. k, dened here
as Kg , represents the sensitivity of specic vegetation to ooding.
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5. CONCLUSIONS AND PERSPECTIVES
In this section, the main results from the previous three chapters are highlighted and elaborated
on. Finally, the implications of this work as well as challenges and potential areas of improvement
for continuing this research are presented.
5.1 Conclusions
The main objective of this Ph.D. thesis was to develop catchment-scale methods for providing
a process-based description of ow regimes, their spatial variability and relevant ecological pro-
cesses. Moreover, this work aimed at creating a modeling framework which could help in large
scale management of water resources in a complex river network, particularly for areas faced with
data scarcity.
To that end, a method was provided that allowed for estimating the ow duration curve
based on catchment-scale climate (precipitation, potential evapotranspiration) and morphological
data (DEMs). The method utilizes a physically-based analytic model of streamows with four
parameters, which incorporate the various hydrologic, climatic and geomorphologic features of
the catchment (estimated on seasonal time scale). Model parameters were estimated through
coupling of established water balance models with a geomorphologic ow recession model, in
the absence of observed discharge time series. The water balance model was selected amongst
four alternatives from literature, based on extensive performance ranking. The method was in
turn applied to eleven test catchments distributed across the United States, east of the rocky
mountains. The method was capable of capturing the shape of the ow duration curve and the
seasonal dynamics of ow statistics reasonably well. Considering the limited and widely available
data used for implementation of the method, the approach is a useful tool in water resources
management and ecological studies.
Since the method proved able to successfully estimate ow duration curves in the absence of
discharge data, it was further extended to be applied point-wise along river networks and predict
the spatial patterns of the ow regimes. A custom geo-database and a Web GIS platform were
created for the management of data, model parameterization and application of the method to the
Thur basin, located in northeastern Switzerland. The performance of the method in replicating
the model parameters and seasonal dynamics of streamows, observed at the six subcatchment
outlets with available discharge data, was assessed and judged to be satisfactory. The method
also was able to capture observed streamow statistics, mean specic discharge and the associated
coecient of variation, reasonably well. Strong seasonal patterns of rainfall were shown to be the
major driver of streamow variability in the Thur river. In particular, the climatic patterns were
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marked by less intense rain events and higher ET downstream, which lead to a decreasing trend of
specic discharge with increasing contributing area. These results highlighted the importance of
the climatic drivers in determining the behavior of the ow regime along the river network. The
non-linearity of the hydrologic response was shown to increase with contribution area possibly
as a result of the increasing complexity of river network structure, possibly emphasized by the
enhanced heterogeneity of land-use and climate at larger scales. The data management and
modeling approach presented here provide a valuable method to estimate long-term patterns of
the ow regimes and predict streamow statistics at any arbitrary point along the river network
of a given basin with minimal data requirements.
Streamow variability is a major driver for many ecological processes in the riverine system.
Among the various ecological processes, riparian vegetation dynamics are among the most rele-
vant because of the role they play in biodiversity, water quality and sediment transport. Here,
we explored the role of river ow regimes in determining patterns of mean vegetation biomass
along complex river transects. The growth and decay of vegetation along a river transect was
estimated through coupling of catchment-scale hydroclimatic processes, morphological attributes
of the river transect and vegetation specic biological features. A coupled stochastic model of
streamows, stages and vegetation biomass was developed which allowed us to derive analytic
expression for mean exposure and inundation times, and mean biomass along the transect. The
model was applied to the terminal reach of two catchments with contrasting ow regimes. The
results allow for using the hydrological distinction between ow regimes to be used as a tool for
understanding the patterns of riparian vegetation. It was shown that erratic regimes are featured
by wider aquatic-terrestrial transition regions, where the limitation to growth due to hydrologic
noise plays a critical role. It was also shown that changing climatic condition have a signicant
impact on vegetation patterns along river reaches characterized by large ow variability. Despite
the simplicity of growth and decay processes in this analysis, the proposed model highlighted the
important role of ow regime variability in determining the dierent distributions of the riparian
vegetation along river transects.
5.2 Implications and Outlook
The modeling methods presented in this Ph.D. thesis proved to be robust and satisfactory results
were achieved. Nonetheless, they can be augmented in various ways in order to broaden the
applicability and improve the outcomes. Here we will briey discuss the areas in which the
methods developed and tested in this thesis could be expanded, and the overall direction for
continuation of this research.
The method discussed in chapter 2 performed exceedingly well, specially considering the
minimal data requirements and in the absence of discharge data. The geomorphic model adopted
for estimating the catchment-scale recession properties (GRFM), works best in gently sloping
catchments due to the underlying assumptions regarding ow generation mechanisms. Other
models with alternative conceptual models for relating ow recession to catchment geomorphic
structure, have been presented in recent studies [Mutzner et al., 2013]. Incorporating such
models and conducting rigorous performance assessments would be fruitful for expanding the
applicability of this method.
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The geo-database and Web GIS platform presented in chapter 3 are the focal point of this
research project. The framework is particularly relevant since it provides a complete modeling
package that can be applied in dierent areas and climatic conditions, notably in areas where data
acquisition is a limiting factor. It is recommended that the framework be tested at other locations
with dierent climatic and topographic settings, in order to prove consistency of performance
and nd potential limits in suitability.
An intentional feature of the platform design was to allow for the addition of other pertinent
processes (such as water quality, sediment transport and ecological processes) that should be
considered in developing integrated water resources management strategies. Among the variety
of available methods in the literature, some are better suited due to synergies provided by their
comparable analytic structure and underlying assumptions. Recent works have tackled water
quality issues through a similar modeling approach, which employ the concept of travel time
distributions [Benettin et al., 2015]. Moreover, novel methods for modeling sediment transport,
which use the same analytical description of ow variability, have also been proposed [Basso
et al., (in press)]. Dynamics of riparian vegetation, presented in chapter 4, are strongly inter-
connected with sediment transport processes and erosion control mechanism. Furthermore, the
dynamics of river stage, which were expressed explicitly in terms of the hydrologic forcing in
chapter 4, have noteworthy implications for habitat suitability.
Changing climatic conditions can potentially cause sever stress on the availability of water
resources. While oods and droughts are a point of immediate concern for many, the change in
catchment-scale behavior of complex river networks is an important consideration for ecient
management of water resources. The densely monitored Thur basin (test site discussed in chapter
3), provides an ideal location for studying the eect of changing climatic condition on the ow
regime of a catchment. Synthetic rainfall patterns under dierent scenarios can be incorporated
in the model and the outcomes compared. Finally, in the context of changing climate, the impact
on snow dynamics and glacial melt on ow regimes (currently not explicitly incorporated in the
model) should be explored and included in the framework.
In general, a rigorous study of ecohydrologic processes along the river network and assessing
the impacts of anthropogenic regulation on natural streamow conditions, require a spatially
explicit representation of ow properties. The modeling framework presented in this thesis is
uniquely capable of providing this information in an accurate and data ecient manner. The ad-
dition of other ecological and morphological processes to this framework (such as but not limited
to the cases discussed above) will be a positive step in creating a comprehensive catchment-scale
model for assessment and study of major processes relevant to human valued services in complex
river networks.
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